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Abstract. Analytic Continual Learning (ACL) offers a computationally
efficient alternative to gradient-based approaches. Recent ACL methods
are based on Recursive Least Squares (RLS) and have achieved the state-
of-the-art results compared to other alternatives. However, they falter
significantly in Class-Incremental Learning scenarios characterized by
Long-Tailed distributions. While the ill-conditioning of the autocorrela-
tion (Gram) matrix is a known limitation of RLS, we demonstrate that
class imbalance exacerbates this issue into a distinct spectral pathology:
"tail" classes suffer from severe spectral collapse, rendering their sub-
spaces numerically indistinguishable from noise. Standard Ridge Regres-
sion (L2) fails to address this effectively as it applies isotropic regular-
ization - a uniform penalty that is insufficient to stabilize the tail with-
out over-shrinking the head. To address this, we propose Geometry-
Spectral Rectification (GSR), a theoretically grounded framework
that treats long-tailed learning as a spectral regularization problem. Un-
like standard isotropic regularization (Ridge) which uniformly penalizes
all eigenvalues, GSR acts as an anisotropic spectral filter, selectively in-
flating the collapsed eigenvalues of tail classes. We construct a structured,
data-dependent spectral perturbation matrix ∆ that selectively inflates
collapsed tail eigen-directions of the Gram matrix. Theoretical analysis
proves that GSR guarantees an improved stable rank for the Gram ma-
trix, ensuring numerical stability. Extensive experiments show that GSR
establishes a new state-of-the-art for analytic CIL, offering a superior
trade-off between computational efficiency and robust generalization in
long-tailed settings.

Keywords: Pretrained-based Continual Learning · Long-tailed distri-
bution

1 Introduction

Analytic Continual Learning (ACL) [17, 19, 33–35] has recently emerged as a
compelling "Green AI" alternative to gradient-based methods. By reformulating
the learning objective into a Recursive Least Squares (RLS) problem [17,19,33],

* Equal contribution.
† Work done outside Amazon.



2 Tran et al.

recent ACL methods achieve near-instantaneous updates via closed-form matrix
operations, bypassing the computational burden of backpropagation, and even
can achieve the upper-bound performance of Class Incremental Learning setting
[18,19,26,27]. This efficiency makes them particularly attractive for edge devices
and real-time applications where resources are scarce.

However, the theoretical elegance of these methods relies on a critical, often
overlooked condition: the numerical stability of the RLS update. In realistic
scenarios characterized by Long-Tailed distributions, their performance degrades
catastrophically (Fig.1). While the ill-conditioning of the autocorrelation (Gram)
matrix is a known limitation of RLS, and existing works often attribute this to
simple data scarcity [2, 5, 7, 13, 23], we introduce a different view that the root
cause is a fundamental linear algebra failure: Spectral Collapse.
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Fig. 1: Performance in standard and long-tailed settings of different ACL meth-
ods, on Split-Imagenet-R. See Fig.3 in Appendix D for full results on different datasets.

In RLS-based ACL, the optimal weight solution W ∗ is governed by the in-
verse of the autocorrelation (Gram) matrix G. We demonstrate that in imbal-
anced streams, G suffers from severe spectral skewness. "Head" classes dominate
the principal components (large eigenvalues), while "Tail" classes correspond to
directions with vanishingly small variance (near-zero eigenvalues). This results
in an ill-conditioned matrix where the inversion process amplifies noise in the
tail directions by orders of magnitude. Standard Ridge Regression (λI) fails to
address this because it applies a uniform penalty, which is either too weak to
stabilize the tail or too strong, suppressing the head.

To bridge this gap, we propose Geometry-Spectral Rectification (GSR),
a non-iterative framework that treats data imbalance as a spectral regulariza-
tion problem, leveraging the statistical geometry of the feature manifold. Par-
ticularly, we introduce a class-adaptive manifold mixing strategy that synthe-
sizes ’virtual’ support features to densify the sparse tail manifolds, leading to
a better-conditioned empirical covariance estimate. Theoretically, we prove that
our mixing strategy acts as a structured spectral filter, selectively inflating the
smallest eigenvalues of the Gram matrix without distorting the dominant prin-
cipal components. This effectively "heals" the broken spectrum, improving the
stable rank and ensuring numerical stability during inversion.

Contributions: In summary, our contributions are threefold:



Geometry-Spectral Rectification (GSR) 3

1. Spectral Diagnosis: We provide a rigorous analysis showing that the failure
of RLS-based ACL in long-tailed settings stems from the spectral collapse
phenomenon of the Gram matrix.

2. Geometry-Spectral Rectification (GSR): We propose a non-parametric
rectification method that respects the hyperspherical geometry of modern
PTMs. We prove that this strategy acts as a spectral preconditioner, explic-
itly improving the stable rank of the inverted matrix.

3. SOTA Performance: Extensive experiments on benchmark datasets show
that GSR significantly outperforms existing ACL baselines, bridging the gap
between analytic efficiency and robust generalization in long-tailed settings.

2 Related Works

2.1 Analytic Continual Learning (ACL)

Unlike gradient-based Continual Learning methods [21, 24, 25, 30] that require
iterative optimization and often suffer from catastrophic forgetting or high com-
putational costs, Analytic Continual Learning [8,9,17,19,33–35] aims to acquire
new knowledge via closed-form solutions. Early works [33–35] utilized Recur-
sive Least Squares (RLS) to update linear classifiers incrementally. Recently,
the proliferation of large-scale frozen pre-trained models (PTMs) has revitalized
ACL [17–19, 27], achieving state-of-the-art results, and even each upper bound
performance on balanced benchmarks. While these methods achieve high effi-
ciency, they implicitly assume a relatively balanced data stream. Our analysis
reveals that in Long-Tailed (LT) scenarios, the standard RLS update used in
SOTA methods like GACL [33], RanPAC [17], and AnaCP [19] becomes numer-
ically unstable. The Gram matrix for tail classes suffers from spectral collapse,
which standard isotropic regularization (Ridge) cannot fix without harming head
classes. Our GSR framework specifically targets this spectral pathology.

2.2 Long-Tailed Learning in Continual Learning Settings

Real-world data streams frequently exhibit long-tailed distributions, where head
classes dominate, and tail classes remain severely scarce. In static learning, this
imbalance is commonly addressed through Re-sampling (e.g., SMOTE [4]), Re-
weighting (e.g., Class-Balanced Loss [5]), or Decoupling strategies [13]. In Con-
tinual Learning, these ideas have been extended to mitigate the compounded
effects of imbalance and catastrophic forgetting, for example via bias-correction
layers [31], cosine normalization [10], and balanced replay buffers [15]. Within
the ACL paradigm, Fang et al. [7] introduce inverse-frequency re-weighting into
the analytic solution. However, such adjustments remain fundamentally scalar
modulations: they rescale contributions without enriching the underlying fea-
ture geometry, and cannot recover missing directions in the representation space
(See results in Tables 1 and 2). We argue that, in RLS-based ACL, tail-class
degradation originates from data scarcity but ultimately manifests as spectral
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collapse—the ill-conditioning of the autocorrelation matrix that governs the an-
alytic solution. While existing approaches operate at the level of data counts or
gradient magnitudes, they do not explicitly address this algebraic bottleneck.
In contrast, we frame long-tailed ACL as a spectral conditioning problem and
target it directly through explicit spectral regularization.

2.3 Implicit Spectral Regularization via Geodesic Interpolation

While standard ACL relies on explicit scalar regularization (Ridge, τI) to invert
the Gram matrix, this isotropic penalty is suboptimal for long-tailed distribu-
tions. A more efficient alternative is implicit regularization via feature interpola-
tion [29,32], which is asymptotically equivalent to adding a data-dependent regu-
larizer to the Hessian [1,3]. However, existing strategies like Manifold Mixup [28]
are ill-suited for our setting. First, they employ linear interpolation to train back-
bone parameters, whereas our framework targets covariance conditioning for the
analytic inverse on frozen PTM embeddings. Second, linear interpolation on
normalized embeddings creates a geometric inconsistency: it traverses the chord
rather than the arc [6,14], causing norm shrinkage and energy suppression. This
prevents effective inflation of collapsed tail-class eigenvalues. To overcome this,
we propose Geodesic Interpolation (or Spherical Mixup) [14,22]. By strictly fol-
lowing the manifold geometry, our approach preserves the unit norm constraint
and prevents the variance attenuation characteristic of linear mixing. This en-
sures the spectral perturbation ∆struct effectively reconditions the tail spectrum
(Theorem 1) without the energy decay inherent in linear chordal traversal.

3 Method

3.1 Preliminaries: Analytic Continual Learning

This work consider Class Incremental Learning (CIL) setting, where we have a
sequence of distinct tasks t = 1, . . . , T . At each task, the model needs to deal
with the dataset Dt = (Xt, Yt), so that we have (Zt, Yt), which are input features
extracted from a pretrained model and their corresponding labels. RSL-based
ACL methods [17,19,33–35] aims to minimize the Ridge Regression objective:

L(W ) = ∥ZW − Y ∥2F + τ∥W∥2F (1)

where Z and Y are all the features and their corresponding labels observed by
the model so far. And W is the weight matrix of the model’s classification head,
whose pretrained backbone is frozen. The optimal solution is given in closed
form by:

W ∗ = (G+ τI)−1ZTY (2)

where G = ZTZ is the Gram matrix. In CIL setting, G and ZTY can be up-
dated recursively [17, 19]. The numerical stability of the inversion of (G + τI)
acts as a proxy for the bias-variance tradeoff, thereby influencing the model’s
generalization capability.



Geometry-Spectral Rectification (GSR) 5

3.2 The Limitation of Isotropic Regularization

In this section, we analyze why standard RLS-based ACL fails in Long-Tailed
(LT) scenarios through the lens of spectral geometry. We argue that the standard
L2 regularization creates a bad trade-off due to its isotropic nature.

a. The Dilemma of Isotropic Regularization (Ridge) Let G = UΣUT be the
eigendecomposition of the Gram matrix, with eigenvalues λ1 ≥ λ2 ≥ · · · ≥ λd ≥
0. The inversion in Eq. (2) modifies the spectrum as:

ith eigenvalue of (G+ τI)−1 =
1

λi + τ
(3)

Here, the term τI acts as Isotropic Regularization. It adds a uniform spherical
penalty τ to the variance in all directions of the feature space, regardless of the
data distribution.

b. The Spectral Pathology of Long-Tailed Data: In imbalanced CIL, "tail" classes
span subspaces with vanishingly small variance, leading to spectral collapse
(λtail ≈ 0). This creates a dilemma:

– Under-regularization (Small τ): If τ is small, the inverse term (λtail + τ)−1

explodes, causing the model to overfit to noise in the tail directions.
– Over-regularization (Large τ): If we increase τ to stabilize the tail, we inad-

vertently suppress the "head" classes (where λhead ≫ τ). The term (λhead+
τ)−1 shrinks significantly, causing bias and underfitting for majority classes.

Thus, isotropic regularization cannot simultaneously stabilize the tail and pre-
serve the head.

3.3 Geometry-Spectral Rectification (GSR)

To resolve this, we propose GSR, which utilizes Class-Adaptive Manifold Mixing
to inject Anisotropic Information into the collapsed dimensions.

a. GSR as Structured Anisotropic Regularization Let z1, z2 be represen-
tations of two samples from a tail class with covariance Σclass. We generate a
rectified sample z̃ by mixing z1 with z2:

z̃ =
γz1 + (1− γ)z2
∥γz1 + (1− γ)z2∥2

, where γ is mixing coefficient (4)

We utilize Spherical Mixup (detailed in Appendix B.2), which introduces non-
linearity via hypersphere projection, which prevents the synthetic sample from
lying in the linear span of the supports. This operation prevents the synthetic
samples from collapsing onto the linear convex hull, thereby implicitly regulariz-
ing the covariance rank. In addition, from the perspective of Vicinal Risk Mini-
mization [3], training on mixed samples is asymptotically equivalent to training
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with a data-dependent regularizer. The second moment of the mixed data trans-
forms as:

E[x̃x̃T ] ≈ Goriginal +∆ (5)

Crucially, unlike τI, the term ∆ is proportional to the class covariance Σclass.
This implies that GSR acts as an Anisotropic Spectral Regularizer :

1. Directional Alignment: ∆ adds "mass" (variance) specifically along the prin-
cipal components of the class manifold, not in orthogonal null-spaces.

2. Tail Rectification: For a tail class, this selectively inflates the eigenvalues
λtail ("thickening" the manifold) without needing a large global γ.

b. Theoretical Guarantee Define G̃ = G+∆ is update of G after pertubation.
We formally show that this strategy improves numerical stability through the
increase of stable rank, which supports the success of GSR in recovering the
intrinsic manifold structure of the data, while reducing overfitting driven by
heavy-tail behavior in the spectrum. Formally, stable rank for a matrix G is
sr(G) =

∑d
i=1 λ2

i

λ2
1

.

Theorem 1 (Quantitative stable-rank improvement under tail-mixup).
Fix an integer r ∈ {1, . . . , d− 1} and let Uh ∈ Rd×r collect the top-r orthonor-

mal eigenvectors of G, and Ut ∈ Rd×(d−r) collect the remaining ones. Define the
head/tail projectors Ph = UhU

⊤
h , Pt = UtU

⊤
t . Assume the following blockwise

quantitative bounds:

∥U⊤
h ∆Uh∥2 ≤ ε, ∥U⊤

h ∆Ut∥2 ≤ η, ∥U⊤
t ∆Ut∥2 ≤ m̄, m ≤ λmin(U

⊤
t ∆Ut),

for some parameters ε ≥ 0, m > 0, m̄ ≥ m, and η ≥ 0. Define

Sτ ≜ ∥G+ τI∥2F =

d∑
i=1

(λi + τ)2,

and

Λ+ ≜
(λ1 + ε) + (λr+1 + m̄) +

√(
(λ1 + ε)− (λr+1 + m̄)

)2
+ 4η2

2
.

Then for any ridge parameter τ ≥ 0,

sr(G̃+ τI) ≥ Sτ + (d− r)m2

(Λ+ + τ)2
. (6)

Moreover, a sufficient condition for strict improvement is

(d− r)m2 > Sτ

(
(Λ+ + τ)2

(λ1 + τ)2
− 1

)
. (7)
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Corollary 1. Assume ∆ ≻ 0 satisfies U⊤
h ∆Uh = 0 and U⊤

h ∆Ut = 0 (i.e., ∆ is
supported entirely in the tail eigenspace of G), and the top eigenvalue remains
head-dominated: λ1 ≥ λr+1 + ∥U⊤

t ∆Ut∥2. Then

sr(G̃) > sr(G)

We give the full proof for all these theorems in the Appendix B.4. Theorem 1
shows that GSR strictly increases sr(G̃+ τI) by injecting structured mass into
the tail eigenspace (via ∆), while controlling the increase of the top eigenvalue
through blockwise bounds. In other words, GSR does not blindly add isotropic
noise; it densifies the collapsed tail spectrum in a targeted way.

Furthermore, GSR acts as an Anisotropic Spectral Regularizer. Unlike stan-
dard L2 regularization (Ridge), which adds a constant damping factor τI uni-
formly across all directions (penalizing head and tail classes equally), GSR se-
lectively "inflates" only the collapsed eigenvalues of tail subspaces via ∆. This
allows the model to retain high precision on head classes (where eigenvalues are
already large) while stabilizing the learning of tail classes, effectively resolving
the stability-plasticity dilemma at the spectral level.

One might be concerned that injecting ∆ into the null-space could amplify
noise. However, in the long-tailed regime, the zero eigenvalues in tail classes
predominantly stem from sample scarcity (feature collapse) rather than the ab-
sence of semantic information. Crucially, unlike standard Tikhonov regulariza-
tion (Ridge Regression), which adds isotropic noise (white noise), our injected
∆ is anisotropic. By leveraging the latent geometric structure within the scarce
samples themselves, we selectively inflate the collapsed spectral components of
tail classes, ensuring the restored geometry reflects plausible semantic variations
rather than arbitrary disturbances.

c. Our technical method

Adaptive Mixing Strategy. To operationalize Theorem 1, we define the mixing
intensity αc for class c inversely proportional to its spectral health:

αc = αbase + (1− αbase) · e−ξ·Nc (8)

where Nc is the sample count of class c, and ξ is the decay rate. This ensures
that tail classes undergo intensive manifold mixing (high variance injection),
while head classes preserve their original precise feature statistics.

Rectified Gram Matrix Update via Tail Mixup. We leverage the scarce real
samples available for tail classes to induce spectral rectification directly. Let
Xreal = {xi}Nc

i=1 be the set of current real samples, and Zreal = {zi}Nc
i=1 be the

set of their corresponding representations for a specific class c.
Due to the scarcity of samples (Nc ≪ D, D is the feature dimension), the em-

pirical covariance of Zreal is rank-deficient. To counteract this phenomenon, we
synthesize a set of augmented samples Zaug by interpolating along the geodesic



8 Tran et al.

Algorithm 1 Geometry-Spectral Rectification (GSR) for RLS-based ACL
Require: Initial Gram matrix G0 = 0, Cross-correlation Q0 = 0, Regularization τ .
Require: Data coming in a sequence of tasks T = {D1, . . . ,DT }.
Ensure: Class weights Wfinal.
1: for task t = 1 to T do
2: Receive data Dt = {(xi, yi)}Nt

i=1.
3: Extract features Zt = fθ(Xt) ∈ RNt×D, where D is feature dimension.
4: Initialize augmented buffer Zaug = ∅.
5: for class c ∈ Ct do
6: // 1. Spectral Diagnosis & Adaptive Mixing
7: Calculate sample count Nc.
8: Compute mixing intensity αc ▷ Using Eq.8
9: αc = αbase + (1− αbase) · e−ξ·Nc

10: // 2. Geometry-Spectral Rectification
11: Initialize augmented buffer Zaug,c = ∅.
12: for each sample pair (zi, zj) ∈ (Zt,c, Zt,c) (in the same class c) do
13: Sample γ ∼ Beta(αc, αc).
14: Synthesize spherical mixup sample ▷ Using Eq.9
15: z̃ =

γzi+(1−γ)zj
∥γzi+(1−γ)zj∥2

16: Zaug,c ← Zaug,c ∪ {z̃}.
17: end for
18: Zaug ← Zaug ∪ Zaug,c.
19: end for
20: // 3. Block-wise Update (Dual Stream)
21: Update Qt ← Qt−1 + ZT

t Yt + βZT
augYaug.

22: Update Gt ← Gt−1 + ZT
t Zt + βZT

augZaug. ▷ Using Eq.10
23: // 4. Analytic Solution
24: Compute weights: Wt = (Gt + τI)−1Qt.
25: end for
26: return Wfinal = WT

paths between real data pairs. Unlike standard linear mixup, which shrinks the
feature norm, our spherical formulation preserves the hyper-spherical geometry:

z̃ =
γzi + (1− γ)zj
∥γzi + (1− γ)zj∥2

, where zi, zj ∈ Zreal, and γ ∼ Beta(αc, αc) (9)

Here, the mixing coefficient γ is drawn from the adaptive Beta distribution
defined in Eq.8, the mixing pairs (xi, xj) are randomly selected from the available
real samples of the same class, and the normalization term ensures that z̃ remains
on the unit hyper-sphere, avoiding the norm shrinkage phenomenon after mixing.

Crucially, to ensure both fidelity to the true distribution and structural ro-
bustness, we utilize a Dual-Stream Update strategy. The Gram matrix is updated
using the union of both real and augmented data streams. The update rule be-



Geometry-Spectral Rectification (GSR) 9

comes:
G̃t = Gt−1 +

∑
z∈Zreal

zzT︸ ︷︷ ︸
Fidelity Term

+ β
∑

z̃∈Zaug

z̃z̃T

︸ ︷︷ ︸
Rectification Term

(10)

where β is a balancing coefficient. Particularly,

– Fidelity Term: ensures the model learns the precise feature statistics from
the real data.

– Rectification Term injects variance along the geodesic arcs into the null-
space of the tail class manifold, preventing the spectral collapse described in
Theorem 1.

By combining both, GSR preserves the original semantic identity while artifi-
cially "thickening" the manifold to ensure numerical stability during the inver-
sion of RLS-based ACL methods in long-tailed settings. The complete procedure
of our technical method is summarized in Algorithm 1.

4 Experiments
4.1 Experimental Setup

Datasets and Protocols. We evaluate GSR on four benchmark datasets widely
used in Class-Incremental Learning (CIL), but in Long-Tailed setting: Split-
CIFAR-100, Split-ImageNet-R, Split-Tiny-ImageNet, and Split-CUB-200. Fur-
ther details regarding the long-tailed datasets can be found in Appendix C.
Baselines. We compare GSR against a wide range of representative ACL base-
lines, categorized into two groups: (i) RLS-based methods, including RanPAC
[17], AnaCP [19], GACL [33], and AIR [7]; and (ii) Covariance and Prototype-
based methods, including FECAM [8], SLDA [9], KLDA [18], and SimpleCIL [11].
Evaluation Metrics. We report the performance using: Last Accuracy (Alast)
and Average Accuracy (Aavg).

All experiments use DINO-v2 or MoCo-v3 as pretrained backbones and are
averaged over 3 random seeds to ensure statistical significance. See further details
in Appendix C.

4.2 Experimental results

Performance analysis on different backbones

a. Performance Reversal: Simple Baselines Outperform RLS-based "SOTA meth-
ods" in Long-tailed Settings Observing Table 1 and Figure 1, we identify an
intriguing phenomenon: in a long-tailed setting with a robust backbone like
DINO-v2, the simple method SimpleCIL achieves remarkably high performance
(80.42% on CIFAR-100), far surpassing RLS-based ACL methods such as GACL
(48.78%) and RanPAC (49.30%).

Typically, in balanced settings, RLS leverages the Gram matrix to utilize
second-order statistics for feature decorrelation and minimizes the global Mean
Squared Error (MSE), yielding precise decision boundaries. However, this strength
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becomes a liability in long-tailed scenarios. In the high-dimensional feature space
of DINO-v2, combined with data scarcity, the covariance estimation becomes ill-
conditioned. This leads to severe overfitting, causing performance to degrade
significantly compared to the simple baseline.

b. Effectiveness of GSR on DINO-v2 backbone: Our method acts as a powerful
regularizer, effectively addressing the critical drawback mentioned above:

– Revitalizing RLS-based Algorithms: Integrating our method (+Ours) yields
substantial performance gains for GACL and RanPAC (e.g., GACL improves
from 48.78%→ 65.81% on Split-CIFAR-100). This demonstrates that our ap-
proach effectively stabilizes parameter estimation in high-dimensional spaces,
mitigating the overfitting issue observed in the original baselines.

– Achieving State-of-the-Art with AnaCP: While SimpleCIL serves as a highly
competitive baseline, the combination of AnaCP and our method (AnaCP +
Ours) reaches 82.51%, surpassing SimpleCIL to establish a new State-of-the-
Art. This confirms that to fully exploit the power of DinoV2, a strong An-
alytic algorithm (AnaCP) supported by high-quality augmented data from
our method is essential.

– Our advantage over long-tail-aware RLS methods: Among the baselines, AIR
stands out as the only RLS-based ACL method explicitly designed for long-
tailed settings by introducing inverse-frequency re-weighting into the Gram
matrix. However, we argue that such adjustments remain fundamentally
scalar modulations. They merely rescale the contribution of existing fea-
tures without enriching the underlying feature geometry, failing to recover
missing directions in the representation space. Consequently, as shown in
the tables, AIR consistently underperforms compared to our method, which
actively rectifies the geometric structure.

c. Consistency on MoCo-v3: The improvement trend remains consistent on
MoCo-v3 (Table 2). AnaCP + Ours continues to lead with a significant margin
over the baseline (increasing from 57.38% to 66.01% on Split-CIFAR-100). This
highlights the generalization capability of the proposed method across different
feature extractor architectures.

4.3 Ablation Study

Impact of Geometric Rectification Strategies. To validate the effective-
ness of our method, we incrementally evaluate the components of GSR on the
Split-CUB-200 dataset. Table 3 reveals a critical insight: applying standard Lin-
ear Mixup in the high-dimensional feature space of DINO-v2 actually degrades
performance (80.73%→ 77.85%). This confirms that linear interpolation within
a hyperspherical embedding space can create "weak" features that drift off the
manifold (norm shrinkage), confusing the classifier. In contrast, our GSR respects
the geometry, boosting accuracy to 82.01% and 47.45%. Finally, incorporating
the Adaptive Mixing strategy (αc) further refines the spectral density of tail
classes, achieving the best performances of 82.46% and 48.33%.
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Table 1: Overall performance comparison, using DINO-v2 as PTM. The best
result is shown in bold, and the second-best is underlined.

Method
Split CIFAR-100 Split ImageNet-R Split-Tiny-Imagenet Split CUB-200

Alast (↑) Aavg (↑) Alast (↑) Aavg (↑) Alast (↑) Aavg (↑) Alast (↑) Aavg (↑)
SLDA 72.28±0.67 76.06±1.30 61.65±0.32 64.60±1.08 71.19±0.43 73.90±1.49 81.11±0.82 86.21±0.80

FeCAM 33.35±0.48 37.97±1.71 36.41±1.29 42.89±2.77 35.28±0.27 39.68±1.07 70.55±0.54 79.31±0.90

SimpleCIL 80.42±0.33 87.21±0.40 66.20±1.28 73.73±0.60 78.21±0.13 83.60±1.03 82.07±0.29 87.84±0.83

KLDA 49.30±1.37 55.38±2.72 44.57±1.74 51.26±1.97 52.31±0.78 54.84±1.32 78.16±0.98 85.98±1.26

AIR 64.87±0.93 69.92±2.48 54.51±1.35 58.87±1.29 69.19±0.45 69.89±1.41 80.74±1.04 87.39±1.38

GACL 48.78±1.32 58.84±2.97 47.84±2.18 51.53±1.34 42.98±0.37 53.65±1.32 80.73±1.07 87.20±1.17

+Ours 65.51±1.25 71.79±2.69 61.58±0.58 65.90±0.72 68.88±0.29 70.70±1.27 82.46±0.58 87.98±1.00

RanPAC 49.30±1.27 59.03±1.03 48.28±1.67 52.94±2.97 43.62±0.36 54.84±1.23 81.11±0.89 87.52±1.25

+Ours 66.68±1.25 71.98±2.65 62.08±0.62 66.65±1.07 69.57±0.29 71.45±1.25 83.03±0.62 88.64±1.02

AnaCP 72.90±0.01 78.54±1.72 67.15±0.19 71.86±0.11 72.97±0.26 76.30±1.23 83.56±0.66 89.07±1.09

+Ours 82.51±0.01 88.29±0.73 72.13±0.84 77.96±0.47 78.81±0.16 83.71±0.96 85.85±0.43 90.53±0.85

Table 2: Overall performance comparison, using MoCo-v3 as PTM. The best
result is shown in bold, and the second-best is underlined.

Method
Split CIFAR-100 Split ImageNet-R Split-Tiny-Imagenet Split CUB-200

Alast (↑) Aavg (↑) Alast (↑) Aavg (↑) Alast (↑) Aavg (↑) Alast (↑) Aavg (↑)
SLDA 52.67±0.59 59.38±2.64 32.67±1.25 37.22±3.05 57.50±0.21 62.65±1.47 41.75±0.53 50.78±1.37

FeCAM 27.64±0.55 29.28±0.03 16.04±1.38 20.06±2.04 27.00±0.22 29.34±0.17 24.19±1.11 30.43±1.68

SimpleCIL 55.32±0.89 66.25±1.77 25.48±0.62 32.32±1.89 58.65±0.75 66.57±1.03 34.48±0.81 44.78±1.63

KLDA 38.11±1.24 44.84±2.95 25.11±1.93 30.29±2.94 41.70±0.47 47.12±0.90 34.42±1.07 44.64±0.88

AIR 65.13±0.21 74.37±1.12 36.71±0.47 44.80±2.24 63.75±0.22 72.59±0.68 49.37±0.45 59.57±1.54

GACL 30.78±0.51 41.48±2.35 24.28±1.70 30.76±2.64 30.01±0.52 39.69±0.44 34.48±1.27 45.77±1.05

+Ours 52.40±1.54 60.67±2.69 34.86±1.32 39.49±2.75 58.04±0.19 63.93±1.28 48.33±0.80 56.72±0.97

RanPAC 31.23±0.57 41.84±2.63 25.07±1.59 32.24±2.68 30.62±0.59 40.95±0.67 35.17±1.29 46.44±1.23

+Ours 53.28±1.55 61.32±2.55 35.12±1.32 40.94±2.77 58.82±0.21 64.84±1.17 49.02±0.80 57.04±.83

AnaCP 57.38±1.14 63.30±2.69 36.84±1.46 41.95±2.78 62.02±0.34 66.71±1.21 52.11±0.86 60.27±1.52

+Ours 66.01±0.26 76.34±1.29 37.21±0.65 46.05±1.19 64.37±0.23 73.27±0.52 56.05±0.91 65.52±1.32

Sensitivity to Imbalance Ratio (ρ) We investigate the robustness of GSR
under varying degrees of data imbalance on Split-CIFAR-100. As shown in Ta-
ble 4, as the imbalance ratio ρ increases from 10 (moderate) to 150 (extreme),
the baseline GACL suffers a catastrophic drop of over 42% (81.23%→ 38.60%).
However, GSR demonstrates remarkable resilience. The performance gap be-
tween our method and the baseline widens significantly as the task becomes
harder: from a +3.99% gain at ρ = 10 to a massive +16.9% gain at ρ = 150.
This proves that GSR is not merely a constant regularizer, but an active spectral
rectifier that becomes increasingly critical as the tail lengthens.
Numerical Stability Analysis. To empirically verify Theorem 1, we monitor
the Stable Rank (sr(G + τI)) of the regularized Gram matrix throughout the
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Table 3: Ablation Study on Component Effectiveness. We incrementally add
components to the baseline (Standard Ridge) to validate the contribution of each mod-
ule in GSR. Evaluated on Split-CUB-200, using DINO-v2 as the pretrained backbone.

Method Variant
Components Last Acc (%)

Mixup Spherical Adaptive (αc) DINO-v2 MoCo-v3

Standard Ridge (GACL) - - - 80.73±1.07 34.48±1.27

+ Linear Mixup ✓ - - 77.85±1.63 45.90±0.83

+ Spherical Mixup ✓ ✓ - 82.01±0.47 47.45±0.67

+ Our full GSR ✓ ✓ ✓ 82.46±0.58 48.33±0.80

Table 4: Robustness to Data Imbalance. Comparison of Last Accuracy (%) under
different imbalance ratios (ρ), on Split-CIFAR-100, using DINO-v2. Higher ρ indicates
a more severe imbalance. GACL+GSR demonstrates superior robustness compared to
the base method GACL.

Method Imbalance Ratio (ρ)

ρ = 10 ρ = 20 ρ = 50 ρ = 100 ρ = 150

GACL 81.23 74.19 59.99 48.78 38.60
GACL + GSR 85.22 82.58 75.16 65.51 55.50

Improvement (∆) +3.99 +8.39 +15.17 +16.73 +16.9

incremental learning process. A stable rank close to 1.0 indicates severe spectral
collapse, where the matrix is numerically indistinguishable from a rank-1 matrix
(dominated by a single direction). Figure 2 shows that the baseline GACL con-
sistently hovers near the collapse point (sr ≈ 1.02). In contrast, GSR effectively
"thickens" the spectrum, maintaining a healthy stable rank (sr ≈ 2.80) across
all tasks. This confirms that our method successfully injects variance into the
null-space of tail classes, ensuring a well-conditioned inversion.

1 2 3 4 5 6 7 8 9 10
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Fig. 2: Numerical Stability Analysis. We report the Stable Rank of the matrix
(G+τI) at different incremental stages. While GACL (dashed lines) suffers from severe
spectral collapse with a stable rank near 1.0, our proposed GSR (solid lines) consis-
tently helps maintain a higher stable rank across all tasks, indicating a well-conditioned
feature space and effective mitigation of collapse. "img-r" stands for Split-Imagenet-R,
and "cub" stands for Split-CUB-200 .
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Performance Breakdown by Class Frequency. Analysis of Class Frequency
Impact. To investigate the source of the performance gains, Table 5 breaks down
the accuracy for the most frequent (Head) and least frequent (Tail) classes.

First, GSR demonstrates a remarkable ability to resurrect tail classes. In
standard GACL, tail performance is extremely low (e.g., 12.50% on Split-CIFAR-
100 and 13.33% on Split-Tiny-ImageNet), indicating the model mostly ignores
these minority classes. However, integrating GSR yields massive improvements,
boosting tail accuracy by 3× to 4× (reaching 38.00% and 52.70%, respectively).
This confirms that our GSR effectively prevents feature collapse in sparse regions.

Second, regarding the head classes, we observe a negligible trade-off. While
there is a slight dip in accuracy for CIFAR-100 and Tiny-ImageNet (approx.
1%), this is a typical phenomenon in long-tailed learning due to the alleviation
of majority-class bias. Crucially, the massive gains in the tail far outweigh this
minor drop, resulting in a significantly higher overall accuracy.

Interestingly, on ImageNet-R, GSR improves both head (+5.62%) and tail
(+26.29%) performance. This indicates that GSR does not merely shift the de-
cision boundary bias. Instead, it rectifies the feature distribution to be more
representative, enabling the analytic solver to generalize better across both head
and tail classes.

Table 5: Breakdown of accuracy by class frequency groups (Head, Tail).
DINO-v2 is used as the pretrained backbone.

Dataset Method Group Accuracy (%) Overall (%)
Head (5 classes) Tail (5 classes)

CIFAR100 GACL 95.38 12.50 48.78
GACL + GSR 95.25 38.00 65.81

Imagenet-R GACL 83.38 21.09 47.84
GACL + GSR 89.00 47.38 61.58

Tiny-Imagenet GACL 95.00 13.33 42.98
GACL + GSR 94.00 52.70 68.88

GSR vs. common alternatives. To provide a comprehensive assessment,
Table 6 compares GSR against other feature augmentation techniques that enrich
the latent space, specifically Gaussian sampling (Covariance Shrinkage/Transfer)
and Inter-class Mixup.

Efficiency vs. Accuracy Trade-off. Gaussian-based methods provide strong
regularization, particularly for the GACL baseline (e.g., boosting Tiny-ImageNet
to 75.21%). However, this comes at a prohibitive computational cost of O(D3)
due to the Cholesky decomposition required for covariance estimation. This com-
plexity makes them ill-suited for real-time continual learning on edge devices
with high-dimensional backbones like DINO-v2 (D = 768 or 1024).

In contrast, our GSR operates with linear O(D) complexity, similar to Mixup.
While GACL+GSR trails behind the computationally heavy Gaussian methods,
the combination of AnaCP + GSR yields remarkable results. As shown in the
bottom section of Table 6, AnaCP + GSR achieves 78.81% on Tiny-ImageNet
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and 72.13% on ImageNet-R, clearly outperforming both Gaussian variants and
Mixup. On CUB-200, it remains highly competitive (85.85%) compared to the
best Gaussian method (85.96%), while being significantly faster. This confirms
that GSR offers the best trade-off between accuracy and efficiency.

Synergy with AnaCP. We want to highlight why AnaCP integrates naturally
with our method. A key ingredient of AnaCP [19] is the Contrastive Projection
Layer, which encourages the learned features to form well-separated clusters—a
geometric structure closely related to the Neural Collapse phenomenon in con-
trastive learning [20]. However, under head–tail (long-tailed) data imbalance,
contrastive learning is prone to spectral (dimensional) collapse [12]: the repre-
sentation remains non-degenerate (features are not identical), yet most variation
concentrates in only a few directions, making the embedding effectively low-
rank. Our method directly addresses this issue. In particular, Theorem 1 shows
that we increase the stable rank of the learned representation, mitigating di-
mensional collapse and thereby strengthening the feature geometry that AnaCP
relies on—ultimately improving AnaCP’s performance.

Table 6: Comparison of computational complexity and accuracy of different
feature augmentation methods, using DINO-v2 as the pretrained backbone. D is the
feature dimension. See Appendix A for details on the computational complexity.

Method
Computational Last Accuracy (%) ↑

Complexity CUB-200 Imagenet-R Tiny-Imagenet

GACL + Gauss (cov shrinkage) O(D3) 82.50 62.85 69.38
GACL + Gauss (cov transfer) O(D3) 83.04 70.85 75.21
GACL + Inter-class mixup O(D) 82.43 61.53 68.76
GACL + GSR (Ours) O(D) 82.46 61.58 68.78

AnaCP + Gauss (cov shrinkage) O(D3) 85.96 71.36 76.73
AnaCP + Gauss (cov transfer) O(D3) 85.85 71.01 75.78
AnaCP + Inter-class mixup O(D) 85.69 71.76 77.62
AnaCP + GSR (Ours) O(D) 85.85 72.13 78.81

5 Conclusion

In this work, we identified Spectral Collapse as a critical bottleneck for state-
of-the-art Analytic Continual Learning (ACL) methods in long-tailed scenarios.
We demonstrated that the standard isotropic regularization in Ridge Regression
is insufficient to handle the extreme eigenvalue skewness caused by class im-
balance. To address this, we proposed Geometry-Spectral Rectification (GSR),
a theoretically grounded framework acting as an anisotropic spectral filter. By
leveraging Spherical Geodesic Mixing and Adaptive Spectral Densification, GSR
effectively "heals" the collapsed subspaces of tail classes without hallucinating
arbitrary noise or inducing semantic bias from head classes. Extensive experi-
ments validate the effectiveness of GSR in the practical yet challenging setting
of Long-Tailed Class Incremental Learning.
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