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Abstract

Few-Shot Class-Incremental Learning (FSCIL) faces
dual challenges of data scarcity and incremental learning in
real-world scenarios. While pool-based prompting methods
have demonstrated success in traditional incremental learn-
ing, their effectiveness in FSCIL settings remains unex-
plored. This paper presents the first study of current prompt
pool methods in FSCIL tasks, revealing an unanticipated
performance degradation in incremental sessions. Through
comprehensive analysis, we identify that this phenomenon
stems from token-dimension saturation: with limited data,
excessive prompts compete for task-relevant information,
leading to model overfitting. Based on this finding, we
propose LGSP-Prompt (Local-Global Spatial Prompting),
which innovatively shifts pool-based prompt learning from
the token dimension to the spatial dimension. LGSP-Prompt
generates spatial prompts by synergistically combining lo-
cal spatial features and global frequency-domain represen-
tations to highlight key patterns in input images. We con-
struct two spatial prompt pools enabling dynamic prompt
selection to maintain acquired knowledge while effectively
learning novel sessions. Extensive experiments demon-
strate that our approach achieves state-of-the-art perfor-
mance across multiple FSCIL benchmarks, showing signif-
icant advantages in both base knowledge preservation and
incremental learning. Our implementation is available at
https://github.com/Jywsuperman/LGSP.

1. Introduction

In real-world scenarios, data typically arrives incrementally
with limited samples, presenting significant challenges for
model adaptation. Such practical constraints have given
rise to Few-Shot Class-Incremental Learning (FSCIL) [34],
which requires models to learn from scarce samples in novel
sessions while maintaining previously acquired knowledge
in the base session.

To address this challenge, recent works have been con-
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Figure 1. Traditional pool-based methods (L2P) stack multiple
prompts in the token dimension, which shows promising results
in balancing the incremental-session learning and the catastrophic
forgetting. However, when applying it to the FSCIL task, we find
an unanticipated performance degradation on incremental sessions
of the FSCIL task. In this paper, we delve into this phenomenon
and find the degradation stems from the token-dimension satura-
tion problem, which inspires us to shift the pool-based prompt
learning from the token dimension to the spatial dimension and
effectively address this problem.

ducted through the adaptation of pre-trained models. Vi-
sual Prompt Tuning (VPT) [13] has emerged as a promis-
ing approach to enable efficient model adaptation while pre-
serving rich pre-trained knowledge, which makes it a strong
baseline for ViT-based FSCIL [26]. Based on it, the pool-
based prompt learning mechanism, pioneered by Learn-
ing to Prompt (L2P) [43] and further enhanced by Dual-
Prompt [42], presents an elegant solution through dynamic
prompt maintenance and selection for different incremen-
tal tasks. However, although these approaches have demon-
strated success in traditional incremental learning scenarios,
their effectiveness in FSCIL scenarios remains unexplored.

In this paper, we revisit such a pool-based prompt learn-
ing mechanism for the FSCIL task. Surprisingly, by in-
tegrating the prompt pool with current VPT-based FSCIL
methods, we observe a notable degradation of novel-session
performance (Figure 1), albeit a slight performance im-
provement on the base session, in contrast to the traditional
incremental learning scenarios. This phenomenon consis-
tently manifests across different experimental settings, in-
dicating a fundamental challenge in the direct application
of prompt pool methods to FSCIL scenarios.

1303









Figure 5. Overview of LGSP-Prompt framework. Our approach leverages both local and global spatial information through three key com-
ponents: (1) Local Spatial Prompting with dynamic prompt pool for fine-grained feature extraction, (2) Global Spatial Prompting operating
in frequency domain for holistic representation, and (3) VPT-Deep module for efficient knowledge preservation. These components are
synergistically combined through adaptive weighting mechanisms (αl, αg) and residual connections to enhance FSCIL performance.

The dynamic selection of the most relevant prompts is to
select ns prompts from the pool using cosine similarity as
the matching criterion:

T = argmax
{si}ns

i=1⊆[1,M ]

ns∑
i=1

γ(q, Psi
) (3)

where γ(·, ·) denotes the cosine similarity between query
feature and prompt features. The selected prompts are
weighted by an attention mechanism with parameter τ :

wi =
exp(γ(k, Pi)/τ)∑

j∈T exp(γ(k, Pj)/τ)
, i ∈ T (4)

Finally, we aggregate the weighted prompts to obtain a
comprehensive local spatial representation:

Plocal =
∑
i∈T

wi ⊙ Pi (5)

where ⊙ denotes element-wise multiplication. This adap-
tive mechanism allows model to dynamically focus on core
spatial features while maintaining past knowledge.

4.2. Global Spatial Prompting
Complementing the local spatial features, we propose a
global spatial prompting mechanism that operates in the
frequency domain, enabling holistic pattern learning while
avoiding token-dimension saturation.

4.2.1. Frequency Domain Transformation
Given an input image X ∈ RB×C×H×W , we first apply
Discrete Fourier Transform (DFT) to obtain its frequency

representation and center the spectrum, denoted as Fc(X).
The centered spectrum naturally organizes frequency com-
ponents from low to high frequencies, center to periphery.

4.2.2. Concentric Ring Partition
To systematically process different frequency components,
we partition the frequency spectrum into K concentric
rings. We first construct a distance matrix D that measures
the distance from each point to the spectrum center:

Dy,x =

√
(y − H

2
)2 + (x− W

2
)2 (6)

where (y, x) denotes spatial coordinates. Based on this dis-
tance matrix, we define K rings with radii:

rk =
k

K
Rmax, k ∈ {1, 2, . . . ,K} (7)

where Rmax =
√
(H/2)2 + (W/2)2 represents the max-

imum radius from center (low frequency) to corner (high
frequency). This structure creates a series of rings that form
the spatial prompt pool in the frequency domain.

4.2.3. Differentiable Ring Mask Generation
For each ring k, we obtain a differentiable mask by:

Mk = σ(−β(D − rk))− σ(−β(D − rk−1)) (8)

where σ(x) = 1
1+e−x is the sigmoid function ensuring

smooth transitions, β controls the sharpness of ring bound-
aries, and rk−1 is the inner radius of the k-th ring (r0 = 0).
This formulation creates a series of overlapping ring-shaped
masks, where each mask smoothly transitions from 1 within
its designated ring to 0 outside.
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Dataset Domain Images Base Novel
CUB-200 Birds 11,788 100w-30s 10×(10w-5s)
iNF200 Fungi 10,000 100w-50s 10×(10w-5s)
FGVCAircraft Aircraft 10,000 50w-30s 10×(5w-5s)

Table 1. Dataset configurations for base and novel (10 sessions)
where N and K denote categories and samples in N-way-K-shot.

4.2.4. Adaptive Frequency Enhancement
These frequency-based prompts are weighted through
learnable parameters wk ∼ N (0, 1) with temperature τ .
The enhanced frequency representation is obtained by:

Fenhanced(X) = Fc(X)⊙
K∑

k=1

softmax(wkτ)Mk (9)

where ⊙ denotes element-wise multiplication, enabling
adaptive emphasis of different frequency bands.

4.3. Adaptive Feature Integration
To effectively combine the complementary strengths of lo-
cal spatial features Plocal and global frequency features
Xglobal, we employ an adaptive integration mechanism:

Xfinal = X + αlPlocal + αgXglobal, (10)

where αl and αg are learnable parameters that balance
the dual-perspective spatial adaptation without introduc-
ing token-dimension conflicts. This integration strategy is
maintained during both training and inference, preserving
the complementary benefits of all prompts. Following FS-
CIL practice, we finetune the classifier and spatial prompt-
ing with a small learning rate in novel sessions.

5. Experiments
5.1. Empirical Setup
Given that our approach leverages ImageNet as the pre-
training dataset, due to its overlapping between CIFAR [17]
and miniImageNet [35], we evaluate on three fine-grained
datasets with distinct visual distributions: CUB-200 [36],
iNF200 [10], and FGVCAircraft [24]. We implement our
framework on a Vision Transformer backbone pre-trained
on ImageNet-21K with VPT-deep configuration [13] fol-
lowing [26], and compare it against various FSCIL ap-
proaches across base and novel sessions, with detailed set-
tings shown in Table 1 and comprehensive implementation
details provided in the supplementary material.

5.2. Benchmark Comparisons
We evaluate our approach against state-of-the-art methods
on three fine-grained datasets. As shown in Tables 2, 3,
and 4, our method consistently achieves superior perfor-
mance. Among traditional FSCIL methods, iCaRL and
CEC exhibit severe catastrophic forgetting on CUB-200

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o) (p)

Figure 6. Visualization of relative attention weight distributions.
Each plot shows how model assigns different importance to local
spatial prompts during feature extraction, revealing diverse but ef-
fectively complementary spatial-aware learning patterns.

(55.92%), while transformer-based approaches like PriVi-
Lege maintain accuracies above 74%. In the prompt pool-
based methods, DualPrompt and CODA-Prompt show
promising results but face token-dimension saturation. Our
spatial-aware prompt selection achieves 85.72% initial ac-
curacy and leads on FGVCAircraft and iNF200 (25.82%
and 57.62%), demonstrating effective capture of both local
and global spatial information for fine-grained recognition.

5.3. Ablation Study
We conduct comprehensive ablation studies to analyze each
component’s contribution, as shown in Table 5. Starting
from vanilla ViT, we observe that basic VPT significantly
improves performance (e.g., +17.60% on CUB200). Our
Local Spatial Prompting module shows consistent gains
even with a single prompt (LSP*), and the pool variant
(LSP) further enhances fine-grained feature capture. When
combined with Global Spatial Prompting (GSP), which pro-
cesses structural information in the frequency domain, our
full model achieves optimal performance across all metrics,
validating our spatial-domain prompt learning strategy.

5.4. Visualization Results
Our analysis revealed that token-dimension saturation leads
to local interference between prompts and inefficient fea-
ture extraction. We address these through a spatial-aware
dual-stream design: local prompts for fine-grained features
and global prompts for holistic patterns. The following vi-
sualizations demonstrate the effectiveness of our approach.

Visualization of Attention Weights: Figure 6 shows
the relative attention weight distributions of local spatial
prompts across different samples. Notably, these spatial
prompts exhibit balanced but distinct attention weights, in-
dicating their complementary roles in capturing different lo-
cal patterns. The varying distributions further demonstrate
our model’s ability to adaptively emphasize different spatial
regions for effective feature representation.
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Method Venue S0 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 Avg. ↑

Fine-Tuning + Proto N/A 84.21 66.43 25.00 25.44 16.19 4.58 1.42 1.49 3.62 5.50 3.79 21.60
iCaRL [30] CVPR’17 82.43 79.32 68.74 59.93 61.62 59.91 57.83 57.34 55.42 52.73 55.92 63.83
RDI [51] IJCAI’24 80.13 76.55 73.21 69.37 67.83 65.74 64.91 63.37 61.43 61.41 60.20 67.65
CEC [46] CVPR’21 81.82 79.53 78.42 75.54 76.31 74.83 74.41 74.62 74.23 73.91 73.84 76.13
FOSTER [37] ECCV’22 85.02 83.43 77.41 71.52 69.93 66.34 65.52 63.07 62.92 62.03 60.42 69.78
FACT [49] CVPR’22 84.32 81.23 79.14 75.13 75.42 73.31 72.43 72.52 71.41 71.12 70.91 75.18
CLOM [53] NIPS’22 83.28 81.85 79.61 77.79 76.34 74.64 73.62 72.82 71.24 71.33 70.50 75.73
NC-FSCIL [45] ICLR’23 83.52 80.92 80.14 77.83 77.81 76.96 76.72 74.78 74.18 73.92 73.80 77.32
WaRP [15] ICLR’23 82.74 80.21 79.06 77.80 77.78 76.81 76.82 74.61 74.13 74.02 73.36 77.03
TEEN [39] NIPS’23 84.03 81.52 80.91 78.34 78.32 77.24 77.13 75.42 75.51 75.13 75.61 78.11
Comp-FSCIL [57] ICML’24 83.67 81.73 79.03 78.04 77.73 75.52 74.32 74.55 73.35 73.15 72.80 76.72
Yourself [33] ECCV’24 82.31 80.65 79.85 76.96 77.08 74.85 74.99 75.40 74.29 74.69 74.38 76.86
PriViLege [26] CVPR’24 82.21 81.25 80.45 77.76 77.78 75.95 75.69 76.00 75.19 75.19 75.08 77.50

L2P† [43] CVPR’22 82.47 81.23 79.01 76.89 76.21 74.73 74.19 74.11 72.73 73.02 73.67 76.21
DualPrompt† [42] ECCV’22 83.51 82.27 80.93 79.57 78.63 77.09 76.31 77.03 75.79 76.17 76.53 78.53
CODA-Prompt† [32] CVPR’23 79.61 78.12 76.42 75.68 75.02 73.19 72.58 72.81 72.07 72.49 72.97 74.63

LGSP-Prompt Ours 85.72 84.31 83.21 81.33 81.80 80.33 79.89 80.09 79.18 79.74 79.72 81.39

Table 2. Accuracy on CUB-200 benchmark. Avg: average of all sessions. Bold: the best performance. †: prompt pool-based methods.

Method Venue S0 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 Avg. ↑

Yourself [33] ECCV’24 26.29 20.37 17.05 14.82 13.16 11.87 10.83 9.97 9.24 8.62 8.08 13.66
Approximation [40] ECCV’24 21.67 19.48 18.90 17.57 16.50 16.68 15.82 15.21 14.20 13.85 12.97 16.62
PriViLege [26] CVPR’24 22.75 20.79 21.85 20.96 20.27 22.32 21.53 21.67 20.43 20.18 20.04 21.16

LGSP-Prompt Ours 27.67 24.82 26.30 27.38 25.25 26.76 26.37 25.49 25.50 24.83 23.87 25.82

Table 3. Accuracy on FGVCAircraft benchmark. Avg: average of all sessions. Bold: the best performance.

P1 P2 P3 P4 P5 P6

P7 P8 P9 P10 P11 P12

P13 P14 P15 P16 P17 P18

Figure 7. Visualization of local spatial prompting (P1-P18): Di-
verse and complementary patterns across the prompt pool, show-
ing color-independent representation, region-specific focus (e.g.,
head region in P2-P3, body texture in P7-P8), and multi-scale fea-
ture processing for comprehensive fine-grained learning.

Analysis of Local Spatial Prompts: Figure 7 demon-
strates the effectiveness of our local spatial prompt-
ing mechanism through diverse attention patterns. The
prompts exhibit complementary characteristics: (1) Color-
Independent Representation: encode similar local regions
in different color spaces; (2) Region-Specific Focus: con-
centrate on distinct discriminative features (e.g., Prompts 7,
8 on bird’s beak); (3) Multi-Scale Processing: capture struc-
tural and texture details at varying scales. These diverse
patterns enable comprehensive fine-grained feature repre-
sentation without competing for the same attention regions.

Analysis of Global Spatial Prompts: Figure 8(a) il-

(a) (b) (c)
Figure 8. Visualization of global spatial prompting: (a) Learned
prompts showing hierarchical patterns from holistic structure (top)
to fine details (bottom), (b) original images and (c) their spatially-
enhanced results, demonstrating emphasis on discriminative fea-
tures (e.g., wing textures) while preserving global structure.

lustrates the learned frequency domain patterns. These
prompts demonstrate a hierarchical organization: the top
rows show smooth, circular patterns for capturing low-
frequency components (holistic structure), while the bot-
tom rows display more intricate patterns for high-frequency
details (discriminative textures and edges). This comple-
mentary frequency-based representation works alongside
local spatial prompts to provide comprehensive structural
information, enhancing the model’s ability to maintain both
global context and fine-grained features.

Analysis of Feature Processing: The comparison be-
tween original images (Figure 8(b)) and their frequency-
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