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Supplementary Material

7. Supplementary on the complementary roles
and mutual information between cosine
and Mahalanobis measures

This supplementary section provides additional analysis
supporting the complementary relationship between cosine
similarity and Mahalanobis distance, as formalized in The-
orem | and Theorem 2. While both measures are computed
from the same embedding pairs, they capture fundamen-
tally different geometric and statistical aspects—angular
alignment versus covariance-adjusted magnitude—which
together yield richer and more discriminative information
than either measure alone.

7.1. Complementary roles of cosine and Maha-
lanobis measures

7.1.1. Preliminaries and statistical independence
Let X,Y € R9 be random vectors and define their differ-
ence:
A=X-Y.
We consider the following similarity measures:
Xy

C= e,
[Reiig

M=,/(X - Y)TS" (X - ).

Cosine similarity C' captures angular alignment between
X and Y, while Mahalanobis distance M reflects the
covariance-adjusted magnitude of their difference. Al-
though both are derived from the same pair (X,Y"), they
emphasize distinct geometric aspects.

To obtain a tractable theoretical perspective, we adopt an
idealized isotropic surrogate model. Assume that

A~ N(O, O'Qld),

and that Mahalanobis distance is computed with the true
covariance ¥ = ¢21,. In this case,

M= /ot (o2 A = 1Al
o

Moreover, we can represent A in polar form as
A = RU,

where
A

= — 8§+,
IA]]

R=[Al~o-xa U

For an isotropic Gaussian, the magnitude R and the direc-
tion U are statistically independent:

R1U.

In our surrogate model, we further idealize cosine simi-
larity and Mahalanobis distance as being driven by these in-
dependent radial and angular factors: Mahalanobis distance
depends only on R, while cosine similarity depends only on
an angular component (which we denote generically by U).
Formally, we model

C=f(U), M = g(R),
for some measurable functions f and g. This does not
claim that empirical cosine similarity is exactly a function
of A/||A||, but instead captures the intuition that cosine
similarity is dominantly governed by angular variation. In
contrast, the Mahalanobis distance is primarily determined
by radial variation.

Theorem 1 (Independence of Cosine Similarity and Ma-
halanobis Distance under an Isotropic Model). Under the
isotropic surrogate model described above, cosine similar-
ity depends only on the angular factor U and Mahalanobis
distance depends only on the radial factor R:
C:f(U)v MZQ(R)

Since R 1 U, it follows that C L M, and thus their joint
entropy decomposes as

H(C,M) = H(C) + H(M).

Proof. For an isotropic Gaussian A ~ N(0,021,), the den-
sity of A € R is rotationally invariant and depends only on
[IA]]. In hyperspherical coordinates A = ru with r = ||A]]
and u € S?~1, the joint density factorizes as

2
plru) = cr®texp (—;02> p(u),
where c¢ is a normalization constant and p(u) is the uniform
density on the unit sphere. Hence, R L U.
By our surrogate model assumption, C' = f(U) and
M = g(R) for measurable functions f and g. Since mea-
surable functions of independent random variables remain



independent, we obtain C' 1. M. Therefore, their joint en-
tropy factorizes:

H(C,M)=- /p(c, m)logp(e, m) dedm

— [ btetm)tog(p(e)ptmn)) dedm

— /p(c) log p(c) de — /p(m) log p(m) dm
=H(C)+ H(M).

O

This result formalizes the idea that cosine similarity and
Mahalanobis distance capture statistically independent as-
pects of the pair (X, Y") under an isotropic surrogate model:
one is driven by angular variation, and the other by radial
variation. In particular, the pair (C, M) encodes the sum of
their individual entropies, reflecting complementary infor-
mation about the underlying embedding geometry.

7.2. Mutual information interpretation

Let L € {0,1,...,n} denote a class label, and suppose that
L depends on the relative relationship between C' and M.
We are interested in the mutual information quantities

I(L;C), I(L;M), I(L;C,M).

Theorem 2 (Information Gain from Combination). The
mutual information between the label L and the combined
similarity vector (C, M) satisfies

I(L;C, M) =I(L;C)+ I(L; M | C)
> max{I(L;C),I(L; M)}.

Proof. By the chain rule for mutual information, we have

I(L;C, M) =1(L; C)+ I(L; M | C).
By definition of conditional mutual information,
I(L; M | €) = Eerpicy | Dk (p(L, M | € = 0)|
(L] C=e)p(M|C=0).

and since the Kullback-Leibler divergence satisfies
Dx1,(-] ) > 0, it follows that

I(L;M | C) >0.
Therefore,

I(L;C, M) = I(L;CY+ I(L; M | C)
> I(L; C).

By symmetry, I(L; C, M) > I(L; M) as well, which yields

I(L;C, M) > max{I(L;C),I(L; M)}.
O

Together with the independence result above, this the-
orem shows that cosine similarity and Mahalanobis dis-
tance are information-theoretically complementary: under
the isotropic surrogate model, they encode independent an-
gular and radial factors, and when labels depend on both,
their combination (C, M) provides at least as much mutual
information with L as either measure alone. This comple-
mentarity enables richer information extraction from frozen
embeddings while keeping the backbone entirely fixed.

7.3. Real VLM embeddings: Why complementarity
becomes stronger

The independence result above is derived under an ide-
alized isotropic Gaussian surrogate, in which the angular
and radial components factorize. In real pretrained VLMs,
however, the embedding geometry is inherently anisotropic:
feature norms exhibit heavy-tailed distributions, covariance
structures vary significantly across domains, and domain
shifts induce direction—magnitude distortions in heteroge-
neous ways [25, 27].

These anisotropic effects break the exact statistical inde-
pendence between cosine similarity and Mahalanobis dis-
tance. Yet, paradoxically, this makes the two measures
more complementary in practice. Under anisotropy, direc-
tional cues captured by cosine similarity and covariance-
aware magnitude cues captured by Mahalanobis distance
tend to decouple, encoding increasingly orthogonal infor-
mation regarding the data distribution, especially under do-
main shifts [14, 26].

Therefore, the theoretical independence shown in the
isotropic case should be viewed as a conceptual lower
bound of complementarity. In real VLM embeddings, the
geometric anisotropy amplifies the distinct information en-
coded by each measure, making their combination strictly
more discriminative than either measure alone.

7.4. Theoretical-empirical connection in HyCaL

Secs. 7.1 to 7.3 establish that cosine similarity and Maha-
lanobis distance provide different but complementary views
of prototype matching: cosine similarity captures direc-
tional alignment, whereas Mahalanobis distance measures
deviation relative to class-specific covariance. HYCAL
translates this observation into a practical inference rule by
combining both cues when evaluating each seen class. This
is particularly useful in XD-VSCIL, where heterogeneous
domains arrive sequentially and often with severe imbal-
ance. Under such conditions, domain-level asymmetry can
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Figure 7. Qualitative comparison of distance metrics. Pink points show samples only correctly classified by dynamic summation.

distort the representation space and make a single metric
overly biased toward only one geometric aspect. By reusing
frozen pretrained representations and calibrating decisions
at the prototype level, HYCAL reduces sensitivity to such
domain-level dominance without requiring backbone adap-
tation or task-specific retraining.

The empirical results are consistent with this interpre-
tation, while also clarifying the limits of the theory. Real
CLIP embeddings are anisotropic, so our analysis is not
intended as an exact statistical description of the feature
space. Nevertheless, the diagnostics in Figs. 6 and 7 show
that cosine similarity and Mahalanobis distance make com-
plementary decisions: they disagree on nontrivial subsets
of samples and recover different correct predictions, espe-
cially in sparse domains such as Aircraft, DTD, and Organ-
MNIST. This complementarity translates into strong behav-
ior under challenging imbalance settings, where HYCAL
remains robust on both overall metrics and low-data do-
mains. Tab. 6 further shows that the same qualitative ten-
dency extends across pretrained models. With OpenCLIP
ViT-B/16 pretrained on DataComp—-1B [12], HYCAL
achieves the best performance across all three metrics, and
under the X-TAIL [35] setting it attains the best Last Acc.
while remaining competitive on the other metrics. Taken
together, these results support the practical value of the the-

Table 6. Performance under High-scale domain imbalance.

PTM: DataComp-1B [12]  Setting: X-TAIL [35]

Method Last Acc. Avg Acc. Scpe Last Acc. Avg Acc. Scpe
Primal-RAIL [35] 65.89 58.10 56.40  73.82 66.79  69.48
RanPAC [22] 66.20 55.78 55.64 69.74 67.60 68.20
KLDA [23] 63.95 4124 5150 76.71 71.38 72.42
HYCAL (Ours) 68.88 59.89 5794 7744 64.41  70.66

oretical complementarity developed in this section, while
making clear that the theory serves primarily as intuition
for real VLM embeddings rather than a strict independence
claim.

8. Additional ablation study

To further evaluate the stability and design choices of HY-
CAL, we conduct ablation studies on three components: ro-
bustness to domain order, sensitivity to hyperparameters,
and the effect of different image—text embedding fusion
strategies. These analyses assess whether the method main-
tains consistent performance under different task permuta-
tions, whether its calibration behavior is sensitive to the se-
lection of (v, 3), and whether our sum-based image—text fu-
sion scheme provides advantages over the commonly used
concatenation strategy.
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Figure 8. Hyperparameter sensitivity analysis for « and 3. Each
curve shows the performance variation when sweeping one param-
eter while keeping the other fixed.
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Figure 9. Hyperparameter sensitivity analysis for A and -~ under
the High-scale domain imbalance setting. Heatmaps show Last
Acc., Avg Acc., and Scpg over different (), ) configurations.

8.1. Robustness to domain order

To examine the robustness of each method under variations
in domain sequences, we evaluate all approaches across
four random domain orders, derived from fixed random
seeds {0,1,42,1993}. Each seed generates a unique per-
mutation of the eight domains—Aircraft, ArtBench, DTD,
EuroSAT, Galaxy, MNIST, Organ, and Flower—which are

Table 7. Comparison of fusion strategies under three domain con-
ditions.

Fusion Last Acc. Avg Acc. ScpE

Balanced-in-Class Domain

Concat 70.2540.20 57.3340.32 60.70+0.15
Sum (Ours) 70.54i0423 57.75i0,45 60.92i0,17
Cross-Scale Imbalance
Concat 68‘30i1,02 57-96i1.16 58.95i0,79
Sum (Ours) 68.6940.44 58.4340.51 59.2410.41
High-Scale Domain Imbalance
Concat 63.06i0,63 53-94i0.76 53.39i0,71
Sum (Ours) 63.50;&0(73 54.48;&0(78 53.70:‘:()‘74

presented sequentially as incremental tasks. These four per-
mutations are referred to as Random order I-IV.
* Random order I (seed = 0)
Galaxy — ArtBench — MNIST — DTD — Aircraft —
EuroSAT — Flower — Organ
* Random order Il (seed = 1)
EuroSAT — Organ — ArtBench — MNIST — Flower
— Aircraft — Galaxy — DTD
e Random order Il (seed = 42)
EuroSAT — Galaxy — Organ — Flower — DTD —
MNIST — Aircraft — ArtBench

e Random order 1V (seed = 1993)
ArtBench — MNIST — Organ — Aircraft — EuroSAT

— DTD — Galaxy — Flower
The overall performance of all compared methods under
Random order I-IV is summarized in Tab. 8, covering three
XD-VSCIL settings.

Across all domain orders and settings, HYCAL consis-
tently achieves the highest performance, indicating that its
calibration mechanism remains stable and effective regard-
less of task permutation. Furthermore, to provide a more
fine-grained perspective, Tab. 9 reports the class-wise per-
formance under the High-scale domain imbalanced setting
for each of the four random domain orders.

8.2. Hyperparameter sensitivity

8.2.1. Sensitivity to fusion weights « and

We examine the influence of the hyperparameters « and 3
by evaluating performance across the search ranges o €
{1, 10, 20, 40,60, 80} and 8 € {0, 5, 10}. Overall, HyCAL
shows stable performance across this hyperparameter space,
with calibration strength varying smoothly as the activa-
tion point and smoothness parameters change. The effect
of varying « and f3 is visualized in Fig. 8.

Across the examined range, performance is generally ro-
bust with respect to «, indicating that the calibration acti-
vation point does not strongly influence the overall behav-



Table 8. Performance comparison across random-order domain setting. Results are averaged over 4 seeds with 95% confidence intervals

in subscripts.

Random Order I Random Order I1 Random Order Il Random Order IV
Last Acc.  Avg Acc. ScpE Last Acc.  Avg Acc. ScpE Last Acc.  Avg Acc. ScpE Last Acc.  Avg Acc. ScpE
Balanced-in-Class Domain
Primal-RAIL [35] 67.90 159 63.53:085 59.7710.40 67.6710.38 76.4110.31 59.4510.96 67.6310.87 74.2611.00 59.4240.51 67.5810.56 68.1810.38 59.78+0.40
FeCAM [6] 15.2642.99 18171230 10.1641.99 12.6342.07 21.9546.73 10.2441.20 13.971485 20811563 9.30143.23 11.7045.90 27.0947.01 12.9044.08
RanPAC [22] 67.6010.25 63.431013 59.1340.17 67.2141.00 75844197 59.0540.63 66.0313.00 74164015 58.7141 16 67.3030.42 66.814060 59.0440.20
KLDA [23] 70.80+0.30 51.39+0.36 56.4110.06 70.1410.21 58114047 53.4740.28 70.5610.50 57.6110.66 55.0440.42 70.5010.50 53.9510.27 54.4240.37

HYCAL (Ours) 70.5840.32 64.4040.59 60.91:¢.23

70.53.10.24 78.5310.33 60.86+0.16

70.69+0.38 76.18.10.24 61.070 27

70.65.10.30 70.241¢.35 60.9510 23

Cross-Scale Imbalance

Primal-RAIL [35] 584041 54 53.5743.12 52.7641 65

58.3111.1s 67404181 52.7441.25

58.09+1.16 64.7041.05 52.0551.40

58.1440.68 959.18+0.56 52.94+0.92

53.
16.654351 19.7545.18

FeCAM [6] 13.41 1388
RanPAC [22] 61.77612 56.974413 57.491403
KLDA [23] 69.26.10.44 43531071 48.1410.00

HYCAL (Ours) 68.6940.96 61.27+1 76 58.9910.71

17.5646.07 22.46410.36 13.57+4.80
59.274785 69.774321 55.1144.44
69.3410.78 46.79+0.61 47.68+0.36
68.60+0.58 73.70+0.35 58.99+0 46

16.9844.05 20.124707 13.0345.41
59.3947.56 08.391+3.33 56.4614.52
69.31.0.16 47.6710.38 48.2910.39
68.6410.85 71.94. 981 59.060.7¢

17314268 21.2346.35 13.8542.13
61.504564 61.494346 54.9842.97
69.12.41. 04 44.274055 46.76+1.18
68.6411.39 66.5211 06 58.97+1.08

High-Scale Domain Imbalance

Primal-RAIL [35] 59.804 15 52.60:555 52184 03 59.28 1157 65.781153 51.514q38 59.621055 61.481797 52.10+0.45 60.2840.61 61.58+0.48 52.74+0.60
FeCAM [6] 5.68+0.73 8931074 2.53+0.21 5531131 7901025 2.70+2.70 5.6610.40 8.641329 2.35+0.56 6.00+1.11 10154125 2941057
RanPAC [22] 59.804+1.68 51.61+1.85 54.4011 g2 59.7941.38 65.284153 52.811065 59.774151 63.914101 54.3741 12 60.3140.63 56.0841990 51.2410.01
KLDA [23] 61.6847.24 31.0310.81 41.8510.94 60.6741.13 32.8910.74 34.2541.08 61.1310.52 39.60+1.12 40.8110.08 60.991068 31.4441153 39.28.0.51

HYCAL (Ours) 63.39.0.45 54.9640.81 53471057

63.014+1.0865.71+1.1753.1310.04

63.1540.74 64.73+1.70 53.1540.73

63.03+1.11 59.69+1.70 53.06+1 22

ior of the method. In contrast, 3 exhibits a clearer trend:
larger values relax the threshold that determines when Ma-
halanobis distance becomes active, effectively reducing its
contribution and allowing cosine similarity to dominate. As
a result, performance consistently drops when moving from
small values such as 8 = 0, 5 to higher values like § = 10,
indicating that weakening this threshold diminishes the ben-
efit obtained from the Mahalanobis component.

8.2.2. Sensitivity to covariance regularization (A and )

We also examine the influence of the covariance-
regularization parameters A and «y in Eq. (10). For this anal-
ysis, we fix @ = 10 and § = 5, and evaluate the method
under the High-scale domain imbalance setting. We use
A = 107* and v = 1 by default, and vary A from 107!
to 10~° and ~ from 1 to 2 X 103, as shown in Fig. 9.
Overall, performance remains stable across a wide range of
moderate settings, indicating that HYCAL does not require
delicate tuning of these parameters.

8.3. Fusion strategies

We compare two image—text fusion strategies in Tab. 7:
summation, which preserves the 512-dimensional CLIP
embedding, and concatenation, which corresponds to the
1024-dimensional representation. Across all settings, the
sum-based fusion consistently achieves better performance
than the concatenation fusion.

9. Efficiency analysis

Because HYCAL keeps the pretrained backbone frozen and
updates only class prototypes and regularized precision ma-

trices for newly introduced classes, its computational cost
scales with the number of new classes rather than with full
model retraining. Unlike prior approaches that recompute
statistics over all classes or domains in XD-VSCIL, HYCAL
computes and stores covariance-related statistics only for
newly added classes while reusing previously constructed
prototypes. This design yields linear growth in both mem-
ory and computation as the class set expands, making the
method well suited to incremental deployment.

This efficiency is also reflected in practice. ~When
10 new classes are added, HYCAL requires only 5.4
GFLOPs, whereas full retraining in Primal-RAIL requires
12 GFLOPs. The required storage remains moderate,
amounting to 301 MB when maintaining statistics for C' =
300 classes. In addition, prototype construction and covari-
ance estimation are independent across classes, enabling
straightforward parallelization across newly introduced cat-
egories. Taken together, these properties make HYCAL an
efficient and scalable alternative for XD-VSCIL, especially
in settings where new classes or domains must be incorpo-
rated quickly without repeated parameter optimization.

10. Detailed experimental setting

10.1. Implementation details

We wuse the Vision Transformer (ViT-B/16) model
with a frozen CLIP text encoder for all experi-
ments. The model weights are loaded from the
openai/clip-vit-base-patchl6 checkpoint. The
image encoder’s parameters are kept frozen throughout all
experiments. All experiments were conducted using Py-



Torch version 2.1.1. All training and evaluation runs were
performed on a single NVIDIA GeForce RTX 3090 GPU.
All images are resized to 224 x 224 and normalized using
standard CLIP statistics.

HYCAL is implemented on frozen CLIP
ViT-B/16 [28] features using the original 512-
dimensional embedding, whereas Primal-RAIL and
other training-free baselines operate on 1024-dimensional
embeddings. This setup ensures a fair comparison by
contrasting HYCAL’s training-free, low-dimensional
configuration against both training-free and fully trainable
alternatives.

To ensure the robustness of our results, all experiments
were run four times with different random seeds: {0, 1, 42,
1993}. These seeds control the initialization of any train-
able parameters, the selection of few-shot examples, and the
order of data shuffling during training. The results reported
in the main paper are the mean and standard deviation over
these four runs.

HYCAL uses two fusion weights hyperparameters, «
and 5. We perform a lightweight grid search over o €
{1, 10,20, 40,60,80} and 5 € {0,5,10} and select the
best configuration for each setting. For XD-VSCIL, we set
(o, B) = (20,5) for the Balanced-in-class domain setting,
(60, 5) for the Cross-scale imbalance setting, and (10, 5)
for the High-scale domain imbalance setting. For FSCIL,
we use (1,0) in the 5-shot case to allow immediate activa-
tion under extremely sparse data, and (10,5) for the 10-,
15-, and 20-shot settings. We use A = 10~% and v = 1 in
all reported experiments.

10.2. Evaluation metrics

We report three metrics: Last accuracy, Average accuracy,
and the proposed Scpg. As Scpg is formally defined and an-
alyzed in the main text, we provide concise descriptions of
the remaining two metrics. Last accuracy denotes the Top-1
accuracy on the final task after all incremental stages and re-
flects the model’s ability to retain previously learned knowl-
edge. Average accuracy is computed as the mean Top-1 ac-
curacy across all tasks,

-
1
Avg Acc. = T Z Acc(t),
t=1

where 7T is the total number of steps, and provides a sum-
mary of overall performance throughout the entire learning
trajectory.

10.3. XD-VSCIL settings

We evaluate our training-free hybrid calibration method
HYCAL by comparing it against both training-free and
trainable baselines. As training-free approaches, we in-
clude FeCAM [6], RanPAC [22], and KLDA [23], which

represent recent state-of-the-art methods relying solely on
frozen visual encoders. For the trainable baseline, we adopt
Primal-RAIL [35] and report its performance as a reference
point for methods that fine-tune task-specific modules.

The training-sample distributions for three XD-VSCIL
settings are illustrated in Fig. 3(a)—(c), which highlight the
distinct balance/imbalance patterns observed in each set-
ting. In the Cross-scale imbalance setting, a variable num-
ber of training samples per class (K.) is used, and the exact
values depend on the random seed. For reference, Tab. 10
and Tab. 11 report the specific K. values employed when
the random seed is set to 42.

10.3.1. FSCIL setting.

We follow the standard few-shot evaluation protocol. For
each dataset, we conduct experiments in 5, 10, 15, 20-shot
settings. In a K-shot setting, we randomly sample K im-
ages per class from the original training set.

11. Numerical results of Balanced-in-class do-
main and Cross-scale imbalance settings

For completeness, we provide the numerical values for the
Balanced-in-class domain and Cross-scale imbalance set-
tings. The Balanced-in-Class Domain setting results are
provided in Tab. 12, and the Cross-scale imbalance setting
results are summarized in Tab. 13.

12. Limitations

HYCAL is designed for settings in which frozen pre-
trained representations are already sufficiently informative
and where prototype-level calibration is preferable to back-
bone adaptation. Accordingly, its effectiveness depends on
the quality of the underlying representation space. When
newly arriving tasks come from domains that lie far out-
side the support of the pretrained model, or when image and
text embeddings are strongly misaligned, prototype calibra-
tion alone may be insufficient to recover fully discriminative
structure.

In addition, although the cosine similarity and regu-
larized Mahalanobis term improve stability in few-shot
regimes, covariance estimation can still become noisy when
only extremely small numbers of samples are available or
when class distributions are highly multimodal. Finally,
HYCAL deliberately avoids parameter updates in order to
preserve efficiency and retention, which is advantageous
in data-scarce continual settings, but may limit the attain-
able gains in scenarios where abundant in-domain data and
larger adaptation budgets make trainable methods viable.



Table 9. Performance across random domain orders (I-IV) under the High-scale domain imbalanced setting. Results are averaged over 4
seeds with 95% confidence intervals in subscripts. Domain names are abbreviated.

Random Order I
Galaxy ArtBench MNIST DTD Aircraft EuroSAT Flower Organ Average o
Zero-shot 9.80 50.88 44.01 41.90 23.91 37.58 67.40 17.97 56.41 18.76
Average Acc.
Primal-RAIL [35] 25.3751057 60.235075 76.99:640 68.9351 55 37454118 72420114 90492055 53.831588 52.6013 58 214740 6o
FeCAM [6] 2.89+146  5.761064  0.00£0.00 31771568 11.88+0098 0.0010.00 1.7613.04  0.00+0.00 89310724 10.9211 86
RanPAC [22] 37.021505 40.301596 77.631351 06.331055 35.954111 71.664417 92451048 56.07+3.90 51.6141.85 20.9610. 72
KLDA [23] 19.9810.50 22.891232 53.284368 954.8311.18 39.5341.95 76.601275 95.T41050 58.7812.59 31.034+0.81 25.65+0.52
HyYCAL(Ours) 38.321202 50.271552 77421524 69.59,023 41.671034 76.591397 95.691038 58.4249 72 54.96.081 19.87 1065
Last Acc.
Primal-RAIL [35] 19901505 60.325050 76.765660 68.0341 51 37230114 71.8941 61 90.46405s 53.8314 s 59.8041 15 22.6949 o4
FeCAM (6] 0.00£0.00  0.0040.00  0.00+0.00 31.77+568 11.8840.9s8 0.0010.00 1.76+3.04  0.00+0.00 5.08+0.73 11.3441.83
RanPAC [22] 37421400 40.41igor 76.91i583 67.024100 36874100 71.241436 92441040 56.0745 00 59.8041 68 20.6440.71
KLDA [23] 36.131205 37821400 78971562 69.3941 70 39.8641 05 T6.741268 95771041 58781250  61.684191 22.27:080
HYCAL(Ours)  38.1541 82 49.6640.42 77.724520 69271045 41.671036 76.551507 95.691035 5842i075  63.391048 19.9840.61
Random Order 11
EuroSAT Organ ArtBench MNIST Flower Aircraft Galaxy DTD Average o
Zero-shot 37.58 17.97 50.88 44.01 67.40 2391 9.80 41.90 56.41 18.76
Average Acc.
Primal-RAIL [35] 72.844393 54.254381 60.034066 77.8346.33 91.754058 37.864067 22.22410.58 67.77+1.44 65.78 Lo.87 22.4849 .41
FeCAM [6] 3244105 2671131 4Tlgios 0.0040.00 23.224727 12444170  0.0010.00 31244507 7.9010.25 11.8012.76
RanPAC [22] 72901317 56.524540 45.90:580 80.324670 91774183 36.544014 39.21i430 67.324108 65.284153 20141911
KLDA [23] 39.06+155 33.2641.15 27.344110 64.014290 90.9410908 38.641143 33271729 68.6310.92 32.8910.74 22.531105
HyYCAL(Ours) 73.331332 56.56.397 51.28, 575 76.764523 95.761051 41.01107¢ 38.671534 69.4117 01 65.7141.17 19.5941.13
Last Acc.
Primal-RAIL [35] 68.994505 51.984555 59914075 77.362673 90424070 37.501075 20.284:075 67.77+1 44 59.28.1 57 225049 6o
FeCAM [6] 0.00£0.00  0.00£0.00  0.00£0.00  0.00+0.00 1124321 11.904172  0.0010.00 31.244+5.07 5.53+131 11.211955
RanPAC [22] 70.021413 54.344354 41.0313095 775747928 91.904103 37.084081 39.081409 67.3247.98 59.7941.38 20.2041.99
KLDA [23] 75.431399 57.804293 37.351272 T78.221461 95331058 39.1541.15 33.444753 08.6310.92 60.674+1.13 22.5941.50
HYCAL(Ours) 74.011321 58.461430 49.651244 77.694515 95.71io53 40.95.:074 38.181502 69.411701 63.0111.08 19.8941.11
Random Order Il
EuroSAT Galaxy Organ Flower DTD MNIST Aircraft ArtBench Average o
Zero-shot 37.58 9.80 17.97 67.40 41.90 44.01 2391 50.88 56.41 18.76
Average Acc.
Primal-RAIL [35] 7240490 25.961901 54382174 91441045 68.094101 80.68:375 37.02:005 59.244s 61.4841 97 21.8950.06
FeCAM [6] 5444107 4531067 3201238  6.244103 35834974 0.001000 11.601293 0.00+0.00 10.1541.25 11.761311
RanPAC [22] 72-72i1.99 39~72j:3.65 56.023:3.30 91.60i(,,42 65.82i4)_36 784173:4_58 35-60i0.78 39.72i2.28 63~91i1.21 20~60i0.55
KLDA 46.86+1.94 23.3541.93 46.524305 86.144078 67.351140 81.351206 39.461066 37.17+1254 39.604+1.12 22.3840.03
HYCAL(OUFS) 73-81i3_36 38.20i5_59 58.841122 95.641065 69.5410.60 794063:3_41 41.4311.16 48.5111 85 64.733:1‘70 QO.OOiLﬁg
Last Acc.
Primal-RAIL [35] 69.104500 19.834946 53.43+122 90.404049 67.514090 80.494389 36.97+1094 59.2441 47 59.62410.55 22.9441 03
FeCAM [6] 0.0040.00  0.0010.00 0.00£0.00 0.574051 35.834974 0.0010.00 11.601293 0.00+0.00 6.0041.11 12.7543.18
RanPAC [22] 70.3614.04 39.951400 55104353 91921068 66.921068 77.371508 36.841131 39.721908 59.771151 20.2411 12
KLDA 75571402 354641358 57514350 95104151 681147135 80.691211 39.444081 37174954 61.1340.52 22.4440.80
HyYCAL(Ours) 74.014392 38.094588 58811127 95.62 0964 69.65 065 79.071340 41.44.116 48.5111 85 63.1540.74 20.0441.76
Random order IV
ArtBench MNIST Organ Aircraft EuroSAT DTD Galaxy Flower Average o
Zero-shot 50.88 44.01 17.97 23.91 37.58 41.90 9.80 67.40 56.41 18.76
Average Acc.
Primal-RAIL 60.5510.19 T77.2545923 55.284519 37.014037 T4.294747 68541096 24.154806 90.4940.30 61.5810.48 21.9641 96
FeCAM 0.0040.00  0.00+0.00 0.00+0.00 11.93+0.00 0.00409.00 33.17+367 0.00+0.00 0.1440.20 5.66+0.40 11.89+1.12
RanPAC 39.931415 79.061755 56.45:611 36.224215 71244505 67454180 39.71i0s0 92.4310 50 56.081900 20.7741 02
KLDA [23] 21561101 49.2245451 40301921 27.68:1045 70.05iass 68.01410s 36231555 95.2641 04 31441155 25.0111 09
HYCAL (Ours) 50.94,566 76.841518 58461345 41.2110987 72.291485 69.561124 39.354400 95.62410.41 59.6911.70 19.2941 31
Last Acc.
Primal-RAIL 60.5510.08 76.694590 54191008 36.604055 T73.054751 67.75x00s 22.904701 90.49-0 .30 60.284061 22174108
FeCAM 8.56+£451  0.00£0.00 0951174 12314219  0.0010.00 33.191367 0.00x0.00  0.1410.20 8.644329 11.6741.08
RanPAC 38.00i2_7g 78.88i7_08 57.083:3,78 37-43i1.28 72~O7i5.04 674263:1_38 39-35i1.31 92-43i0_80 60~31j:0.63 20~91i0.94
KLDA [23] 375914404 79.631488 58.0841255 39581075 72.6316.17 68.79+10094 36.331501 95.26+1.04 60.9910.68 21.9441.94

HYCAL(OUI‘S) 49-42ﬂ:2.29 77.68i5_13 59406i2_53 41-25i0.85 72~4Oj:4A78 69.473:1_25 39-30i3.83 95.62i0_41 63.033:111 19~50i127




Table 10. Per-class sample counts (K.) for the XD-VSCIL setting on the Aircraft, ArtBench, DTD, and EuroSAT datasets, with
random_seed=42. Classes are sorted alphabetically.

Aircraft (aeronautics) [19]

Class Name K. Class Name K. Class Name K. Class Name K.
707-320 45 727-200 12 737-200 6 737-300 22
737-400 20 737-500 19 737-600 13 737-700 11
737-800 48 737-900 39 747-100 10 747-200 42
747-300 32 747-400 7 757-200 6 757-300 10
767-200 18 767-300 19 767-400 37 777-200 43
777-300 6 A300B4 40 A310 17 A318 50
A319 46  A320 49 A321 39 A330-200 31
A330-300 19 A340-200 33 A340-300 42 A340-500 22
A340-600 5 A380 15 ATR-42 49 ATR-72 32
An-12 26  BAE 146-200 22 BAE 146-300 14 BAE-125 18
Beechcraft 1900 26  Boeing 717 11 C-130 10 C-47 29
CRIJ-200 11 CRIJ-700 27 CRJ-900 27 Cessna 172 43
Cessna 208 21 Cessna 525 7 Cessna 560 34 Challenger 600 39
DC-10 12 DC-3 29 DC-6 10 DC-8 40
DC-9-30 23 DH-82 45 DHC-1 44 DHC-6 28
DHC-8-100 41 DHC-8-300 17 DR-400 50 Dornier 328 9
E-170 7 E-190 47 E-195 19  EMB-120 23
ERJ 135 10 ERJ 145 19 Embraer Legacy 600 11 Eurofighter Typhoon 29
F-16A/B 22 F/A-18 34 Falcon 2000 45 Falcon 900 28
Fokker 100 15 Fokker 50 28 Fokker 70 27 Global Express 18
Gulfstream IV 47 Gulfstream V 22 Hawk T1 49 11-76 48
L-1011 46  MD-11 9 MD-80 43 MD-87 45
MD-90 15 Metroliner 39 Model B200 20 PA-28 15
SR-20 34 Saab 2000 29 Saab 340 22 Spitfire 45
Tornado 49 Tu-134 40 Tu-154 19 Yak-42 48
ArtBench (art) [17]

Class Name K. Class Name K. Class Name K. Class Name K.
Art Nouveau 46 Impressionism 13 Renaissance 50 Ukiyo-e 48
Baroque 13 Post-impressionism 20 Romanticism 25

Expressionism 49 Realism 14 Surrealism 20

DTD (textures) [3]
Class Name K, Class Name K. Class Name K. Class Name K,
banded 30 flecked 10 matted 34 sprinkled 22
blotchy 36 freckled 30 meshed 45 stained 25
braided 14 frilly 37 paisley 47 stratified 23
bubbly 41 gauzy 22 perforated 49 striped 26
bumpy 45 grid 49 pitted 27 studded 40
chequered 22 grooved 28 pleated 9 swirly 41
cobwebbed 45 honeycombed 34 polka-dotted 39 veined 13
cracked 31 interlaced 36 porous 30 waffled 41
crosshatched 29 knitted 25 potholed 18 woven 36
crystalline 33 lacelike 42 scaly 32 wrinkled 26
dotted 9 lined 5 smeared 18 zigzagged 48
fibrous 45 marbled 10 spiralled 36
EuroSAT (remote sensing) [9]

Class Name K. Class Name K. Class Name K. Class Name K.
Annual Crop Land 26 Highway or Road 19 Permanent Crop Land 40 Sea or Lake 35
Forest 28 Industrial Buildings 34 Residential Buildings 44

Herbaceous Vegetation Land 8 Pasture Land 26 River 43




Table 11. Per-class sample counts (K.) for the XD-VSCIL setting on the Galaxy, MNIST, OrganMNIST, and OxfordFlowers, with
random_seed=42. Classes are sorted alphabetically.

Galaxy (astronomy) [13]

Class Name K. Class Name K. Class Name K. Class Name K.
. . In-between Round Unbarred Tight Edge-on Galaxies
Disturbed Galaxies 7 Smooth Galaxies 27 Spiral Galaxies 2 with Bulge 43
. . Cigar Shaped Unbarred Loose
Merging Galaxies 49 Smooth Galaxies 37 Spiral Galaxies 48
Round Smooth 9 Barred Spiral 1 Edge-on Galaxies 2
Galaxies Galaxies without Bulge
MNIST(fundamental visual perception) [4]
Class Name K. Class Name K. Class Name K. Class Name K.
0 9 3 29 6 6 9 37
1 19 4 13 7 17
2 29 5 11 8 38
OrganMNIST (medical imaging) [36]
Class Name K. Class Name K. Class Name K. Class Name K.
liver 48 pancreas 43 bladder 35 right femur 7
right lung 31 left lung 11 spleen 44 left femur 39
right kidney 14 left kidney 16 heart 43
OxfordFlowers (fine-grained biology) [24]
Class Name K. Class Name K. Class Name K. Class Name K.
passion flower 42 fritillary 16 sunflower 24 pink primrose 12
water lily 11 sweet william 41 magnolia 21 fire lily 27
cyclamen 25 azalea 13 osteospermum 40 red ginger 48
watercress 28 primula 41 garden phlox 41 prince of wales feathers 43
frangipani 44 cape flower 48 sweet pea 8 carnation 17
wallflower 21 purple coneflower 19 daffodil 30 mexican aster 41
rose 16 colt’s foot 11 king protea 11 alpine sea holly 41
petunia 40 artichoke 22 great masterwort 49 siam tulip 46
poinsettia 21 wild pansy 20 black-eyed susan 15 spring crocus 46
clematis 20 peruvian lily 40 bearded iris 8 globe thistle 39
hibiscus 22 ruby-lipped cattleya 32 windflower 18 bolero deep blue 16
lotus 35 canna lily 29 ball moss 21 tiger lily 23
anthurium 44 gazania 17 spear thistle 35 moon orchid 27
thorn apple 26 lenten rose 14 silverbush 45 gaura 25
barbeton daisy 28 buttercup 14 balloon flower 11 japanese anemone 48
sword lily 16 pelargonium 35 oxeye daisy 33 foxglove 37
morning glory 36 desert-rose 5 cautleya spicata 26 bougainvillea 36
columbine 32 hippeastrum 16 common dandelion 21 camellia 33
geranium 18 giant white arum lily 31 yellow iris 28 mallow 10
bishop of llandaff 31 marigold 36 monkshood 28 mexican petunia 29
tree mallow 49 orange dahlia 13 love in the mist 40 bromelia 44
pink-yellow dahlia 28 hard-leaved pocket orchid 45 corn poppy 40 blanket flower 23
bee balm 28 english marigold 38 grape hyacinth 21 trumpet creeper 34
snapdragon 30 stemless gentian 39 canterbury bells 27 blackberry lily 45
californian poppy 22 tree poppy 25 globe-flower 6
bird of paradise 33 pincushion flower 36 toad lily 31




Table 12. Performance under Balanced-in-class domain setting. Average and Last accuracy (%) across 8 domains. Results are averaged
over 4 seeds with 95% confidence intervals in subscripts. Domain names are abbreviated.

Balanced-in-Class Domain

EuroSAT MNIST

Aircraft Flower

ArtBench DTD Galaxy Organ Average o
Zero-shot 23.91 50.88 41.90 37.58 9.80 44.01 17.97 67.40 56.41 18.76
Average Acc.
Primal-RAIL [35] 32.64408s 60.6010.67 64.541068 88.164073 51.554193 91.5841070 67.944090 86.85+10.56 56.57+0.55 20.3840.46
FeCAM [6] 3941067 40.694003 3.601267 17.51i916 17464704 0471114  9.7211018  0.00+0.00 14.881+1.39 13.9610.63
RanPAC [22] 30.1841.99 58.881190 59.204093 87.264157 57.601111 93.851082 72.284190 87.264114 55.6041.10 21.15.40.81
KLDA [23] 24.63+1050 50.531054 60.761193 90.441053 55.851074 95.041066 74.9411.07 92.8510.53 46.5710.62 24.7540.38
HYCAL(Ours) 34.7411 69 60.4110959 64.5417 03 89.251024 51.65+180 95.1449.49 76.361714 93.0710.75 57.7510.45 21.6310.57
Last Acc.
Primal-RAIL [35] 31.77.05: 60.674056 62.561 007 87.89:050 50.7001000 91321045 67.731001 86.85. 056 67.4440.68 20.6710.44
FeCAM [6] 3.0540.93 40.694223 3.604267 17.511916 17464704 0474114 9.7241018  0.0040.00 11.5641.94 14.044062
RanPAC [22] 29.0311.88 521449434 58271260 86.054059 56.7517 44 92.831167 70.921306 87.2641.14 67.641062 22.161391
KLDA [23] 33.40£1.00 61.491062 62.341156 90.131036 55691279 94.7810.64 74661117 92.8540.53 70.67+0.90 21.50+0.57
HYCAL(Ours) 34.7TT 1172 60.7040941 63.67+121 89.22.0094 51.344159 95.1641947 76.411711 93.07410.75 70.5440.23 21.6840.55

Table 13. Performance under Cross-scale imbalance setting. Average and Last accuracy (%) across 8 domains. Results are averaged over

4 seeds with 95% confidence intervals in subscripts. Domain names are abbreviated.

Cross-Scale Imbalance

Aircraft ArtBench DTD EuroSAT Galaxy MNIST Organ Flower Average o
Zero-shot 23.91 50.88 41.90 37.58 9.80 44.01 17.97 67.40 56.41 18.76
Average Acc.
Primal-RAIL  36.7241 65 59.772110 65.605081 76424545 36.49.g47 57.61e017 53.59151 87.714s1s 53122071 17.8549 14
FeCAM 7.841590 29201953 20461270 35.551963 15.42114.00 12.99117.42 18.3819553 8.1314.92 19144480 11.924054
RanPAC 37475i3.73 51465i2.78 63409i5.28 76~03i6.98 45~11i5.95 78-20i12.34 64-0217.98 87-30i7.11 53-43i3.94 17~40i2.76
KLDA 431140985 55.6841.12 66.661395 85.6147 82 48.361597 89.174910 70.04115 96.11.965 58.60+0.50 19.6810.69
HYCAL(Ours) 44.7247 91 54.0941 67 66.731216 82.304005 48.841590 89.721081 70.831335 95.5640.68 58.7T140.99 19.07+0.70
Last Acc.
Primal-RAIL  35.78.; s0  59.6841 08 63.8010 70 75474541 35471040 56.3200 15 52.954501 877145 18 58.4010.86 18.0640 5]
FeCAM 6.3215.01 26.79+10.63 19284280 35.37+10.16 15.40113.96 12.99417.42 18.3812553 8.1314.02 17.8315.73 11.7942.92
RanPAC 36.981430 51.41i3923 62194563 T4.7lirg9 44.6916.36 75.78+13.80 63.111g14 87.3017.11 62.021568 17.2312.72
KLDA 43.3310.95 56.3410.91 66.43.3 75 84.92, 194 47.661518 88.541508 069.521144 96.11. 065 69.11.: 968 19.5110.69
HYCAL(OUFS) 44.793:1‘73 54.003:1,91 65.9111.99 82.27i2.04 47.66;{:2.26 90.09.0 88 70~97i3A49 95.5610.68 68.9110.78 19.3310.61
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