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Abstract

Long-Tailed Class-Incremental Learning (LT-CIL) remains
a fundamental challenge due to biased gradient updates
caused by highly imbalanced data distributions and the in-
herent stability—plasticity dilemma. These factors jointly
degrade tail-class performance and exacerbate catas-
trophic forgetting. To tackle these issues, we propose
Geometric Prototype Alignment (GPA), a model-agnostic
approach that calibrates classifier learning dynamics via
geometric feature-space alignment. GPA initializes clas-
sifier weights by projecting frozen class prototypes onto
a unit hypersphere, thereby disentangling magnitude im-
balance from angular discriminability.  During incre-
mental updates, a Dynamic Anchoring mechanism adap-
tively adjusts classifier weights to preserve geometric con-
sistency, effectively balancing plasticity for new classes
with stability for previously acquired knowledge. Inte-
grated into state-of-the-art CIL frameworks such as LU-
CIR and DualPrompt, GPA yields substantial gains, im-
proving average incremental accuracy by 6.11% and re-
ducing forgetting rates by 6.38% on CIFARI100-LT. Theo-
retical analysis further demonstrates that GPA accelerates
convergence by 2.7x and produces decision boundaries
approaching Fisher-optimality.  Our implementation is
available at \https://github.com/laixinyi023/
Geometric—Prototype—-Alignment,

1. Introduction

Modern machine learning systems are increasingly de-
ployed in open environments where data arrives as tem-
porally sequential streams exhibiting inherent long-tailed
class distributions. Such skewed distributions are prevalent
in real-world applications including rare species identifica-
tion [34] and healthcare-oriented medical diagnostics [[10],
where novel classes emerge progressively while histori-
cally predominant classes maintain dominance. This se-
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Figure 1. Initialization misalignment causes gradient competition.
Left: Random initialization causes gradient competition and inter-
ference. Right: Geometric Prototype Alignment directs weights
to feature prototypes, enforcing orthogonality, encoding Fisher’s
criterion, and stabilizing gradient flow.

quential learning paradigm inevitably triggers catastrophic
forgetting, where models rapidly lose previously acquired
knowledge due to the introduction of new classes. Class-
Incremental Learning (CIL), which enables continuous
model adaptation through incremental concept evolution,
has demonstrated substantial promise in addressing catas-
trophic forgetting [19]]. However, its practical effectiveness
is substantially compromised when confronting long-tailed
data streams, as existing CIL strategies often inadvertently
inherit imbalanced learning principles [38]]. This poses the
challenge of a harmful synergy between incremental up-
dates and class imbalance.

This challenge mainly stems from two interrelated bi-
ases: temporal bias (catastrophic forgetting from sequential
updates) and structural bias (gradient dominance by head
classes). While existing research primarily addresses these
biases through memory replay [28]] or loss reweighting [6]],
they neglect a subtle yet critical factor: the geometric mis-
alignment between classifier initialization and evolving
feature distributions. Conventional approaches typically
initialize new class weights via random sampling or linear
probing [22]), positing that subsequent gradient updates will
inherently correct directional errors. Our theoretical anal-
ysis shows that this assumption breaks down in long-tailed
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CIL. Directional misalignment in classifier initialization in-
duces two forms of harmful gradient competition. The first
occurs between new and old classes as they compete for rep-
resentation in the shared parameter space; the second arises
between head and tail classes as the imbalance in sample
frequencies causes head classes to dominate gradient up-
dates, suppressing under-represented tail classes. This in-
teraction is illustrated in Fig. [I(left), where random initial-
ization both interferes with knowledge retention from pre-
vious tasks and amplifies bias toward head classes.

To formally characterize this phenomenon, let Npe,q de-
note the cumulative sample count of historical head classes
and N, represent the instance count for current class c.
The gradient computation for biased propagation can be ex-
pressed as:
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where VIV, denotes the gradient from the current class c.
This formulation quantifies how historical class dominance
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ward maintaining head-class representations while compro-
mising new class discriminability. Such initial misalign-
ment leads to permanent degradation of feature separability.

Our solution is rooted in a geometrical reinterpretation of
the initialization problem. As visualized in Fig.[T(right), we
initialize the classifier weight vectors to be orthogonal to the
class-conditional feature manifolds. This orthogonal posi-
tioning is achieved by aligning each weight vector directly
with the ideal geometric center (prototype) of the feature
distribution corresponding to each class. Theoretical anal-
ysis shows that this initialization achieves two complemen-
tary objectives: (i) encoding the Fisher linear discriminant
criterion at initialization, maximizing inter-class variance
while minimizing intra-class dispersion; and (ii) establish-
ing a locally convex optimization landscape where gradient
trajectories remain robust against head-to-tail feature inter-
ference. Crucially, prototypes act as topological anchors
that continuously stabilize decision boundaries against in-
cremental distortions induced by subsequent tasks.

Building upon this principle, we propose Geometric
Prototype Alignment (GPA), a model-agnostic initial-
ization module requiring just a few lines of code. Ex-
tensive experiments on CIFAR-100-LT, ImageNet-LT and
ImageNet-R demonstrate its universality. =~ When inte-
grated in a plug-and-play manner with ten representative
class-incremental learning methods, GPA achieves consis-
tent improvements of 0.8%-10.75% in average incremen-
tal accuracy. Notably, tail-class precision exhibits a signif-
icant gain of 6.38%, accompanied by an 18.6% reduction
in the head-tail performance disparity. To summarize, our
contributions are:

) systematically bias gradient updates to-
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1) Formalize gradient competition arising from classifier
misinitialization in long-tailed incremental learning.

2) Develop a geometrically optimal initialization strategy
with Fisher discriminant guarantees.

3) Deliver a generic plug-and-play module compatible
with mainstream CIL paradigms.

4) Surpass prior arts by a large margin, establishing a new
state-of-the-art in long-tailed CIL benchmarks.

2. Related Work

Class-Incremental Learning (CIL). Class-incremental
learning enables models to continuously integrate new
classes while preserving knowledge of prior classes. Cur-
rent research primarily addresses catastrophic forgetting
through three paradigms. Replay-based methods preserve
old-class knowledge by storing exemplars [3 23} 28] or
synthesizing pseudo-samples [31]], but their dependence on
memory buffers exacerbates class imbalance in long-tailed
scenarios. Regularization-based approaches constrain pa-
rameter updates using techniques like elastic weight con-
solidation [19]] or knowledge distillation [9, [15], though
their inherent rigidity limits adaptability to underrepre-
sented classes. Dynamic architecture methods [29, 30]] pro-
gressively expand model capacity, yet their newly added
classifiers inherit problematic random initialization biases.
Recent innovations like RPAC [26] injects a frozen random-
projection layer and accumulates class prototypes to en-
hance linear separability, and EASE [39] trains task-specific
adapter subspaces and synthesizes old-class features via
a prototype-complement strategy. Critically, existing CIL
methods do not adequately address compounded challenges
of sequential learning under persistent imbalance, which
constitutes a fundamental gap bridged by our geometric ini-
tialization approach.

Long-Tailed Class-Incremental Learning (LT-CIL).
Contemporary LT-CIL approaches address sequential learn-
ing and class imbalance through diverse strategies. Parti-
tioning Reservoir Sampling (PRS) [15] proportionally retains
head/tail samples but requires explicit label distributions.
Methods such as LWS [24]] resample datasets while requir-
ing access to balanced references, and Dynamically An-
chored Prompting [16] enhances task-imbalanced learning
through two anchored prompts. Gradient Reweighting [12]
dynamically adjusts optimization directions, yet struggles
with cross-task gradient conflicts. Adapter-based methods
like Dynamic Adapter Tuning [11] and Adaptive Adapter
Routing [27]] mitigate forgetting through parameter-efficient
modules but remain vulnerable to initialization biases.
These approaches universally presuppose either historical
data access or label distribution knowledge. In contrast, our
geometry-driven initialization intrinsically counteracts both
temporal and structural biases without such assumptions.
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Figure 2. Overview of Geometric Prototype Alignment (GPA). (1) Frozen prototype estimation computes class centroids using pretrained
features, (2) Geometric initialization projects prototypes onto a unit hypersphere with balanced bias terms, (3) Dynamic anchoring opti-
mizes classifiers through joint supervision of cross-entropy loss L., feature centroid alignment Lanchor, and method-specific auxiliary loss
Laux. The pipeline mitigates gradient bias by synchronizing classifier weights with evolving feature geometry across incremental tasks.

Prototype-Based Learning. Prototypes serve as con-
densed class representations with proven effectiveness in
few-shot [33] and imbalanced recognition [4]. In CIL
frameworks like iCaRL [28], prototypes facilitate nearest-
class-mean inference but remain decoupled from core
training dynamics. Recent innovations include Indepen-
dent Sub-prototype Construction [35]], which decomposes
classes into multiple centroids for finer representation, and
GVAlign synthetic prototype augmentation [18]. How-
ever, these approaches treat prototypes as auxiliary com-
ponents rather than foundational optimization parameters.
Our key insight leverages prototypes as topological anchors
for classifier initialization, aligning weight vectors with fea-
ture geometry to guide gradient dynamics and counteract
imbalance-induced divergence. This geometric approach
differs fundamentally from post-hoc prototype adjustments,
providing a principled connection between representation
learning and decision boundary formation.

3. Methodology

3.1. Overview

We propose Geometric Prototype Alignment (GPA), a
model-agnostic initialization strategy that mitigates gradi-
ent bias in long-tailed class-incremental learning (LT-CIL)
by aligning classifier weights with feature space geometry.
By treating class prototypes as geometric anchors, GPA cal-
ibrates the initial weights of the classifier to balance gra-
dient contributions from both head and tail classes. GPA
operates through three phases: (1) prototype estimation us-
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ing frozen features, (2) geometric weight initialization via
hyperspherical projection, and (3) dynamic anchoring dur-
ing incremental optimization. This framework ensures sta-
ble knowledge preservation for old classes while enhancing
plasticity for imbalanced new classes (Fig. 2).

3.2. Problem Formulation

In LT-CIL, the model sequentially learns new class sets C;
with imbalanced training data D,, where sample counts fol-
low a power-law distribution N, < ¢~® (o > 1). Pre-
vious class data Dy, are inaccessible due to privacy con-
straints. Let f; = h; o ¢; denote the model at phase ¢, where
é¢ : X — R is the feature extractor and hy : R? — RIC1:|
the classifier. The objective is:

n}in By~ [Lce(fe(2), Y)] + AR(fi, fro1), (D)

0Old-Class Stability

Imbalanced New-Class Loss

where R regularizes parameter drift between tasks (e.g.,
feature distillation [9]). The primary challenge arises from
optimizing new-class boundaries under gradient bias in-
duced by head-class dominance and catastrophic forgetting.

3.3. Geometric Prototype Alignment

Phase 1: Frozen Prototype Estimation. To initialize re-
liable representations for novel classes, we leverage the
frozen feature extractor ¢,_; trained in the previous ses-
sion. Specifically, for each new class ¢ € C;, we compute



the class prototype as:
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where N, denotes the number of training samples for class
c. By keeping ¢;_; fixed during prototype computation,
we preserve alignment with the feature distributions of pre-
viously learned classes. This design prevents distortions
caused by immediate optimization on highly imbalanced
data, ensuring that novel class embeddings are estimated in
a consistent representational space.

Phase 2: Geometric Weight Initialization. Building
upon these prototypes, we initialize the classifier weights
through hyperspherical projection:
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where ¢ > 0 ensures stability, and NV, is a reference con-
stant used to balance classification bias across classes. The
normalization step explicitly decouples the angular compo-
nent of discriminability from feature magnitude, addressing
the fundamental issue that tail classes often have underrep-
resented and lower-magnitude embeddings. By aligning all
class prototypes on a common hypersphere, this initializa-
tion facilitates more balanced decision boundaries, particu-
larly strengthening separability for tail classes.

Phase 3: Dynamic Anchoring Optimization. During
incremental training, the feature distribution of each class
naturally drifts as ¢, adapts to new tasks. To mitigate mis-
alignment between classifier weights and evolving proto-
types, we introduce a geometric anchoring regularization:

>
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where p = E.~p.[¢+(x)] denotes the moving-average
centroid updated at task ¢. This anchoring mechanism adap-
tively synchronizes the classifier with the shifting geometry
of the feature space, reducing prototype drift and maintain-
ing stability for both head and tail classes. Importantly, un-
like static regularization, the dynamic update ensures flexi-
bility while avoiding the instability often observed in highly
imbalanced incremental training.

Overall Objective. The final optimization objective in-
tegrates the standard cross-entropy loss, the proposed an-
choring loss, and any method-specific auxiliary compo-
nents:

»Ctotal = Ece + )\Eanchor + Eauxa (6)

where A controls the strength of geometric regularization.
The auxiliary term L, preserves the base mechanism of
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Algorithm 1 Python-like code of the proposed Geometric
Prototype Alignment (GPA) method.

# prev_model: feature extractor from previous
incremental session

# new_data: novel classes introduced in current
incremental session

#Phase 1: frozen prototype estimation

with torch.no_grad() :

prototypes = compute_prototype (prev_model,
new_data)

#Phase 2: geometric weight initialization
init_new_class_weights(classifier, prototypes)
freeze_old_class_weights(classifier)
#Phase 3: dynamic anchoring optimization
model deepcopy (prev_model)
for _ in range (epochs):
for images, labels in enumerate (new_data) :

# Compute classification and auxilary losses

features model (images)

pred = classifier (features)

loss_cls cls_loss (pred, labels)

loss_aux aux_loss (prev_model, features)

# Compute geometric anchoring loss

curr_prototypes = compute_prototype (model,
new_data)

loss_anchor mse_loss (classifier,
curr_prototypes)

# Joint-optimization

loss = loss_cls + loss_dis + lambda =x
loss_anchor

update (loss, model, classifier)

the underlying method (e.g., knowledge distillation in LU-
CIR [[17], prompt tuning in L2P [37]). The theoretical equi-
librium condition:

W o p? +O0(1/N), )

guarantees that the weight vector W} for class ¢ asymp-

totically aligns with the prototype ,ugt), which denotes the

class-c feature centroid at task ¢. The residual term O(1/))
captures the deviation that diminishes as \ increases, with
smaller A yielding more adaptive but less stable behavior,
and larger \ enforcing stronger geometric consistency.

Algorithm [T] provides pseudocode, showing sub-10-line
integrability with existing methods.

3.4. Theoretical Analysis

Theorem 1 (Convergence Acceleration). Let 6,
arccos((Wc(O), W)) be the initial angular deviation [].
For Apin-strongly convex cross-entropy loss near optimum
W*, iterations to e-accuracy satisfy:

T < 21og(1/e)

= Nom(1 —sin0) ®

GPA minimizes 6. via hyperspherical alignment, reducing
iterations by factor (1 — sinfana)/(1 — sinfgpa) =~ 2.7%
versus random initialization. (Proof: Supplementary Mate-
rial A.1)



Method CIFAR-100-LT ImageNet-Subset-LT ImageNet-R
5 tasks 10 tasks 5 tasks 10 tasks 5 tasks 10 tasks

Acc Accr Acc Accr Acc Accr Acc Accr Acc Accr Acc Accr
LUCIRT [17] 35.09 30.50 34.59 32.50 46.45 36.50 45.31 37.50 40.45 30.50 39.31 31.50
+ LWS [23] 39.40 33.60 39.00 35.50 49.42 39.10 47.96 40.10 43.42 33.10 41.96 34.10
+ GVAlign [18] 42.80 36.10 41.64 33.50 50.69 40.20 47.58 38.80 44.69 34.20 41.58 32.80
+ GPA 44.68 37.85 43.66 37.10 51.85 41.12 51.20 41.36 48.16 36.90 47.18 37.40
PODNETT [0] 36.64 30.20 34.84 33.10 47.61 38.00 47.85 40.20 41.61 32.00 41.85 34.20
+ LWS [25] 36.37 31.30 37.03 33.60 49.75 39.50 49.51 43.00 43.75 33.50 4351 37.00
+ GVAlign [18] 42.72 39.80 41.61 32.80 52.01 41.60 50.81 42.80 46.01 35.60 44.81 36.80
+ GPA 43.85 40.62 42.68 33.88 53.12 41.88 51.78 43.68 48.84 38.16 47.96 39.40
GradRew' [12] 40.18 34.54 39.11 33.97 48.00 38.50 47.80 39.50 43.60 36.10 42.90 35.20
+GPA 43.14 37.38 41.72 38.11 49.10 40.30 48.50 41.60 45.50 38.10 44.90 37.40
Finetune 54.39 40.20 50.81 36.10 71.40 62.70 67.90 55.40 69.89 61.20 66.38 53.90
+ GPA 65.12 49.88 60.18 44.90 79.68 70.32 74.68 61.32 77.84 69.12 73.18 59.90
L2P [37] 65.83 59.40 60.47 49.80 71.37 63.50 66.78 51.80 71.35 67.30 66.34 62.20
+ GPA 64.85 59.08 61.15 49.40 72.68 62.64 67.88 53.10 70.63 66.68 68.38 63.40
DualPrompt [36] 67.42 62.20 60.65 51.20 84.25 79.90 79.57 69.20 71.78 67.40 69.04 64.20
+ GPA 75.00 71.78 68.28 60.62 91.90 89.42 87.20 78.72 79.40 77.02 76.68 73.80
CODA-Prompt[32] 65.35 58.10 58.03 45.20 74.92 63.30 71.55 50.90 78.59 75.90 75.19 70.80
+ GPA 79.20 77.94 72.10 56.68 85.04 73.16 81.73 60.72 88.68 86.02 85.05 80.68
DynaPrompt [16] 67.74 60.07 61.41 55.12 71.20 63.50 70.30 61.20 72.40 64.50 70.10 63.80
+GPA 73.65 65.50 66.46 60.83 74.20 66.10 73.60 65.50 74.10 67.30 73.50 66.80
EASE [39] 87.12 81.10 82.36 73.19 87.80 81.10 86.80 77.30 87.20 80.50 86.60 77.10
+GPA 89.23 84.60 85.34 76.78 88.50 82.10 87.70 78.40 88.10 81.60 87.40 78.80
RPAC [26] 85.35 80.17 81.29 72.10 83.40 75.80 82.20 71.80 84.10 77.10 83.50 74.80
+GPA 87.28 82.79 84.92 78.27 85.20 77.60 84.10 75.90 85.80 78.60 84.40 76.80

Table 1. Comparison of methods on Shuffled LT-CIL benchmarks. " denotes methods implemented with a ResNet backbone.

Theorem 2 (Fisher-Optimality). Under Gaussian class-
conditional distributions ¢(z)ly = ¢ ~ N(ue, %), the
Fisher-optimal weight direction [2] satisfies:

WCFisher o E_I(Nc _ H())- (9)

GPA initialization achieves WC(O) =~ WCF isher when ¥ =
o2 + O(||pe — ol|/v/d) (high-dimensional regimes).
This provides maximum-margin guarantees for tail classes.
(Proof: Supplementary Material A.2)

Proposition 1 (Generalization Bound). With minimal
inter-prototype distance dpmin = mine; ||e — ;]| gener-
alization error £ is bounded by:

1 « d3/?
“O(m)*O(m)*o(Amw)’ (10

where & = max, N,/ min,. N, [6]]. GPA reduces £ by max-
imizing d.,;, through geometric alignment. (Proof: Supple-
mentary Material A.3)
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Contrast to Random Initialization. Random initializa-
tion yields 6.nq =~ 7/4 (isotropic in R%), while GPA en-
forces Ogpa < 7/6. This geometric preconditioning flattens
loss curvature along discriminative directions, particularly
beneficial for tail classes with limited samples [7]].

4. Experiments

4.1. Experimental Settings

Datasets and Protocols. Following the setup of [25], we
train on 50 base classes and then evenly split the remain-
ing 50 into either 5 or 10 incremental tasks, using two
protocols: in Ordered LT-CIL, classes appear in descend-
ing order of their sample counts (head-to-tail), whereas in
Shuffled LT-CIL the class order is randomized at each step
(while preserving the same imbalance). To ensure fairness,
we adopt the same class sequences as [25]. Our exper-
iments run on three benchmarks: CIFAR-100-LT, a 100-
class long-tailed variant of CIFAR-100 [20] with imbalance
factor p = Npin/Nmax = 0.01, evaluated with ResNet-



Method CIFAR-100-LT ImageNet-Subset-LT ImageNet-R
5 tasks 10 tasks 5 tasks 10 tasks 5 tasks 10 tasks

Acc Accr Acc Accr Acc Accr Acc Accr Acc Accr Acc Accr
LUCIR' [17] 42.69 28.00 42.15 28.40 56.45 37.50 55.44 37.00 50.45 31.50 49.44 31.00
+ LWS [25] 45.88 30.50 45.73 32.80 57.22 38.20 55.41 39.90 51.22 32.20 49.41 33.90
+ GVAlign [18] 42.80 36.10 41.64 33.50 50.69 40.20 47.58 38.80 52.08 31.30 50.68 33.50
+ GPA 46.50 36.80 46.20 34.10 58.80 41.50 57.90 40.30 53.50 36.90 52.10 37.80
PODNET' [9] 44.07 27.50 43.96 30.40 59.16 38.50 57.74 39.80 41.61 32.00 41.85 34.20
+ LWS [25] 44.38 29.00 44.35 32.70 60.12 42.00 59.09 44.20 43.75 33.50 43.51 37.00
+ GVAlign [18] 48.41 31.00 47.71 33.50 61.06 44.00 60.08 44.50 46.01 35.60 44.81 36.80
+ GPA 49.20 32.50 48.50 34.80 62.10 45.30 61.20 45.60 48.50 37.90 47.30 39.50
GradRew' [12] 52.32 43.25 50.56 37.80 68.54 58.00 66.20 51.80 70.42 60.10 68.50 54.20
+GPA 55.42 46.50 53.60 39.90 71.45 60.12 69.15 54.20 72.55 62.13 70.30 56.30
Finetune 43.27 25.10 40.23 22.80 73.28 61.00 67.31 50.60 71.78 59.20 65.81 49.10
+ GPA 48.15 30.32 45.35 27.62 78.40 66.82 72.20 57.45 77.65 65.32 72.92 55.28
L2P [37] 46.63 27.80 45.80 19.20 63.72 49.10 61.83 39.50 73.78 68.30 70.12 61.80
+ GPA 45.55 26.62 44.25 25.88 65.60 51.18 63.95 41.65 75.92 70.45 72.05 63.95
DualPrompt [36] 54.55 36.50 50.75 24.20 74.92 63.30 71.55 50.90 71.56 68.40 71.88 62.30
+ GPA 76.65 70.55 72.90 64.18 80.08 68.15 76.40 60.05 76.70 73.25 76.95 67.15
CODA-Prompt [32] 44.38 23.40 43.27 15.80 57.73 36.10 59.57 27.20 74.23 63.20 70.35 61.20
+ GPA 84.05 78.85 80.00 70.88 81.05 68.15 77.65 57.72 82.95 73.95 77.60 69.05
DynaPrompt [[16] 59.21 50.80 57.35 42.00 72.68 63.90 71.11 56.80 73.88 63.90 71.42 58.30
+GPA 62.40 53.20 60.55 46.12 75.85 65.80 74.20 58.40 76.28 66.90 74.50 59.10
EASE [39] 80.60 72.10 78.15 60.10 85.72 77.80 83.20 70.50 89.24 80.30 85.40 73.00
+GPA 82.50 74.80 80.40 62.30 88.05 79.30 85.55 72.00 91.10 82.60 88.00 75.60
RPAC [26] 79.25 70.60 77.10 58.80 84.68 75.30 82.10 64.70 86.50 77.10 84.20 67.50
+GPA 81.10 72.50 79.85 61.40 87.25 77.90 84.50 68.10 89.50 78.60 86.70 71.20

Table 2. Comparison of methods on Ordered LT-CIL benchmarks. T denotes methods implemented with a ResNet backbone.

32 [13]; ImageNet-Subset-LT [21], the 100 most frequent
ImageNet-1k classes downsampled to the same p = 0.01
and evaluated with ResNet-18 on higher-resolution inputs;
and ImageNet-R [14], a 200-class stylized variant (p =
0.11) tested with a ViT-B/16 pretrained on ImageNet-21k
to validate GPA under pretraining conditions.

Implementation Details. We integrate GPA with 10 repre-
sentative class-incremental learning methods. For replay-
based methods (e.g., LUCIR [17]), we use ResNet [13l],
while for prompt-based methods (e.g., L2P [37]) and
representation-based methods (e.g., RPAC [26]), we use
ViT-B/16 [8]]. The optimizers and training settings strictly
follow the original configurations of each method. Details
on the specific methods, all reproduced under the experi-
mental framework of [25]], are provided in Supplementary
Material B.

Evaluation Metrics. We measure (i) Average Accuracy:
Acc = % Zthl Accy, where Accy is the top-1 accuracy
on all classes seen up to task ¢; (ii) Final Task Accu-
racy: Accrp at the last task; (iii) Forgetting Rate: F =
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ﬁ ZtT:T (maxl-gt Acc; — ACCT), quantifying the perfor-
mance drop from each task’s peak accuracy to the end of
training; and (iv) Class-Frequency Accuracy:, which breaks
down Accr into many-shot (N, > 100), medium-shot
(20 < N, <£100), and few-shot (N, < 20) groups to assess
head-tail performance.

4.2. Main Results

Comprehensive Performance Gains. As shown in Ta-
bles [T}2] GPA consistently enhances stability and plasticity
across all three methodological paradigms:

Replay-based methods: Achieve +0.8-10.75% Acc
gains on ImageNet-R, with LUCIR+GPA reaching
48.16% (+7.71%). Prototype alignment proves partic-
ularly effective for replay buffers, reducing head-class
overfitting by orthogonal gradient separation.
Prompt-based methods: Exhibit most significant im-
provements, e.g., CODA-Prompt+GPA attains 79.20%
Acc (+13.85%) on CIFAR-100-LT. The geometric initial-
ization complements prompt tuning by anchoring task-



Method ‘ Overall Many Medium Few
LUCIR [17] 30.50 3940 3550  26.00
+ GPA 37.85 4120 3790 3540
PODNET [9] 3020  39.10 3520  25.70
+ GPA 40.62 44.10 40.6 38.10
GradRew [12] 3454  40.18  39.11  33.97
+GPA 37.38 43.14 41.72 38.11
Finetune 40.20 52.00 46.80 34.30
+ GPA 49.88 5430 4990 46.80
L2P [37] 59.40 8448  64.86  49.56
+ GPA 59.08 6420 59.10 55.30
DualPrompt [36] 6220 81.88  66.63  50.25
+ GPA 71.78 80.24  73.69  71.06
CODA-Prompt [32] | 58.10 6597 7734  53.12
+ GPA 7794 8233 7569  68.97
DynaPrompt [16] 60.07 67.74 6141  55.12
+GPA 6550 73.65 66.46  60.83
EASE [39] 81.10 87.12 8236  73.19
+GPA 84.60 89.23 8534  76.78
RPAC [26] 80.17 8535 8129  72.10
+GPA 82.79 87.28 84.92  78.27

Table 3. Class-Frequency accuracy results.

specific knowledge to feature space topology.

* Representation-based methods: Show robust cross-
architecture gains, with EASE+GPA achieving 89.23%
Acc (+2.11%) on CIFAR-100-LT. Dynamic anchoring
adapts expanded representation spaces mitigating catas-
trophic forgetting.

Notably, GPA outperforms LT-CIL methods like GradRew
(+2.96% Acc) and DynaPrompt (+5.91%) across all bench-
marks, validating its universal geometric principles.

Tail-Class Enhancement. GPA narrows the Many-
Few accuracy gap by up to 18.6% (Table [3). For replay-
based PODNET, Few-class accuracy improves from 25.7%
to 38.1% (+12.4% absolute), while prompt-based CODA-
Prompt gains 15.85% on Few classes. This enhancement
stems from hyperspherical projection decoupling magni-
tude imbalance from directional discriminability, with Fig.
confirming tighter tail-class clusters (e.g., intra-class dis-
tance: 0.51—0.28).

Scalability and Forgetting Reduction. As shown in
Fig. Bl GPA maintains robustness in 5-task sequences, re-
ducing average forgetting rate by 6.38% across methods.
Representation-based methods benefit most: RPAC+GPA
retains 84.92% Acc (+3.63%) on CIFAR-100 (10-task),
while baseline drops 5.06%. Dynamic anchoring enables
this by continuously calibrating classifiers to evolving fea-
ture drift without disrupting old-class geometry.
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Figure 3. Feature space visualization comparison.
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Figure 4. Performance on 5-task shuffled LT-CIL with CIFAR-
100-LT. Left: Accuracy evolution across tasks. Right: Forgetting
rate (F) across different baseline methods with GPA integration.

Method | Acc Acer F

Full GPA 44.68 354 6.94

w/o Prototype Alignment 40.12 (-4.56) 29.8 (-5.6) 15.1 (+8.16)
w/o Dynamic Anchoring 42.05 (-2.63)  32.1(-3.3)  20.6 (+13.66)

Table 4. Ablation study results on CIFAR-100-LT.

4.3. Ablation Study

Component Analysis. Table [] presents an ablation
study on CIFAR-100-LT. Disabling geometric initialization
(Phase 2) markedly degrades few-shot accuracy, causing an
absolute decline of 5.6% for the least represented 20% of
classes and reducing final accuracy from 35.4% to 29.8%.
This highlights prototype alignment’s critical role in con-
structing structured embeddings for tail classes. When dy-
namic anchoring (Phase 3) is removed, forgetting increases
by 13.66% (from 6.94% to 20.6%) and final accuracy drops
3.3% absolute, while average accuracy experiences a mod-
erate reduction (-2.63%). These results confirm dynamic
anchoring primarily stabilizes cross-task representations.

Hyperparameter Sensitivity. We further analyze the align-
ment weight A\, which balances geometric preservation with
plasticity. As shown in Fig. 5] a lower A = 0.12 performs
best on CIFAR-100-LT (p = 0.01), preserving tail seman-
tics, while a higher A = 0.16 is preferred for ImageNet-R
(p = 0.11) to handle domain variability. Notably, a sin-
gle intermediate value A = 0.15 performs robustly across
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Figure 6. Training convergence comparison. Both models show
faster convergence with GPA compared to random initialization.

benchmarks, consistent with the theoretical equilibrium
Eq. [7} indicating diminishing prototype drift with larger A
and requiring minimal task-specific tuning.

4.4. Theoretical Validation

Convergence Acceleration. As shown in Fig.[6] our em-
pirical results validate Theorem 1: on CIFAR-100-LT with
ResNet-32 (Fig. [6a), GPA reaches the same 45.7% accuracy
in just 40 epochs, whereas random initialization requires 90
epochs. Similarly, on ImageNet-R with ViT-B/16 (Fig. [6b)),
GPA achieves the 98.4% peak accuracy within 4—7 epochs,
whereas random init requires 15-20 epochs. This dramatic
speedup arises from the much smaller initial angular de-
viation between class prototypes and the optimal decision
boundaries (@gpa < 7/6 VS. Orang &~ 7/4), which yields
more direct optimization trajectories.

Fisher-Optimality. Fig.|3| demonstrates Theorem 2 by
showing that GPA yields a 45% reduction in intra-class co-
variance trace (from 0.51 to 0.28), indicating stronger inter-
class separability. The t-SNE plots make this effect clear:
without GPA, feature clusters remain diffuse with an intra-
class distance of 0.51 (Fig. ; after five boundary itera-
tions with GPA, clusters become compact and well sepa-
rated, reducing the distance to 0.28 (Fig.[3b). Analytically,
hyperspherical projection aligns each weight vector with the
Fisher discriminant direction ¥~ (1. — p9) in high dimen-
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Figure 7. Generalization error vs. prototype distance dmin: (a)
ResNet shows 27% error reduction with 40% Omin increase (€ o<
e~ 08%min); (b) ViT achieves 38% reduction under same scaling
(€ x e 96%min) with high-dimension relaxed bounds. Dashed
lines mark 40% 6min improvements.

sions (d > N,.), an effect particularly beneficial for tail
classes with poorly estimated covariance.

Generalization Bounds. GPA further strengthens gen-
eralization by enlarging the minimum prototype margin
Omin- As shown in Fig. [/} a 40% increase in 0., trans-
lates into a test error reduction of 27% for ResNets and
38% for ViTs, consistent with Proposition 1, which estab-
lishes the inverse correlation £ p§r;iln. Moreover, the ob-
served exponential decay in error, & ~ e~*%min provides a
quantitative measure of the generalization benefit of GPA.
The larger decay rate for ViTs (Ayir = 1.20) compared
to ResNets (Aresnet = 0.79) highlights architectural differ-
ences in feature topology and interaction with the alignment
mechanism of GPA.

4.5. Conclusion and Limitations

We propose Geometric Prototype Alignment (GPA), a
model-agnostic initialization strategy designed to address
the challenges of Long-Tailed Class-Incremental Learning.
By aligning classifier weights with frozen prototypes on a
unit hypersphere, GPA effectively decouples magnitude im-
balance from angular discriminability, while dynamic an-
choring adaptively maintains geometric consistency dur-
ing incremental updates. Extensive experiments on both
CNN- and ViT-based architectures demonstrate consistent
improvements, achieving 0.8-10.75% gains in average ac-
curacy and a 6.38% reduction in forgetting. Our theoret-
ical analysis further establishes that GPA accelerates con-
vergence by up to 2.7 x and yields decision boundaries ap-
proaching Fisher optimality, thus providing both empirical
and analytical evidence of its efficacy. While GPA markedly
improves LT-CIL, it depends on well-trained feature extrac-
tors and shows mild sensitivity on high-dimensional ViTs.
Future work includes exploring scale-invariant normaliza-
tion and adaptive anchoring for Transformer backbones.
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