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Background
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Fig. 1. The setting of CIL. Non-overlapping classes arrive sequentially, and
the model needs to learn to classify all the classes incrementally. After learning
each task, the model is evaluated among all seen classes. An ideal model should
perform well in the newly learned classes and remember the former without
forgetting.

» Few-Shot Class-Incremental Learning (FSCIL):

Base phase(task 0): sufficient samples
Incremental phase(task 1~n): a few samples
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Motivation
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(a) Continual Fine-tuning Paradigm
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Figure 1. Model updating paradigms in FSCIL. (a) Continuous
model updates during incremental phases. (b) Leveraging the base
task to learn a generalizable model. (¢) Our proposed framework:
training-free in both base and incremental sessions.

How can we effectively leverage pre-trained
knowledge and domain-specific visual priors
to adapt the large-scale model using few
samples without additional training?

Bi-level Modality Calibration (BiMC)



Method
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(a) Bi-Level Modality Calibration Framework
Figure 2. Overview of our framework. In each task adaptation phase, we construct a calibrated classifier through our proposed bi-level
calibration framework, which involves intra-modal calibration and inter-modal calibration. To enhance performance, we introduce a
globally shared covariance metric for visual feature modeling, complemented by a category-conditioned nearest-neighbor scoring strategy.
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(b) Semantic and Covariance-enhanced Metric



Method

Intra-modal classifier calibration
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Method

Intra-modal classifier calibration  the limited number of samples in incremental _— a5 10 calibrat
phase inevitably leads to biased estimates of using base class to calibrate

» Visual modality new class prototypes.
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Inter-modal classifier calibration
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Method

Semantic and covariance-enhanced metric

previous metrics effectively mitigate modal bias, but they primarily measure
sample distances from distribution centers. This isotropic approach struggles
to capture higher-order information and complex data relationships.

leveraging statistical information from existing data
for more comprehensive and efficient measurements
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Given a test sample X, calculate its score as:
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(b) Semantic and Covariance-enhanced Metric
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Cross-modal category nearest neighbor metric
v To better leverage LLM-generated category descriptions
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Inference score reorganization strategy

base-derived covariance matrices perform poorly in

distinguishing new class data

 covariance from extensive base data fails to align
with new classes

 the limited data available for new classes prevents
accurate covariance estimation
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Figure 3. In the inference phase, an ensemble strategy with cate-
gory masking is utilized.



Experiments

Table 1. Detailed session-wise accuracy, average accuracy (Avg) and performance degradation (PD) comparison on minilmageNet dataset.
V and L represent the visual and language modalities, respectively. BIMC refers to the results obtained solely through the bi-level calibra-
tion framework, whereas BIMC' incorporates the ensemble classifier strategy. The best results on each each sessions are indicated in bold,
while the second-best results are underlined. 1 means higher is better, while | means lower is better.

Accuracy in each session(%) 1

Method Modality AvgT PDJ
0 1 2 3 4 5 6 7
CLIP Zero-Shot [24] L 91.27 91.25 89.74 89.43 8898 8842 8696 86.64 86.15 88.76 5.12
Visual Prototype [29] V 9258 91.88 89.37 8824 8842 8786 8633 86.16 86.09 88.55 6.49
TEEN [35] \% 9258 92.06 89.69 88.60 88.80 8831 86.84 86.71 86.66 88.92 5.92
FeCAM [§] \% 9442 93,71 91.61 90.59 90.62 90.22 8843 &8.17 88.20 90.66 6.22
BiMC V-L 9490 9480 93.21 9291 9288 9260 91.78 91.88 91.81 92.97 3.09
BiMCT V-L 95.47 9534 9380 93.63 9351 93.18 9251 9256 9240 93.60 3.07
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Figure 4. Performance curve of each incremental sessions on (a) minilmageNet, (b) CIFAR100 and (c) CUB200 datasets.



Experiments

Comparison with trainable methods

Table 5. Comparison with three trainable methods on the
minilmageNet dataset. N, is the number of parameters which
require training. A reflects the last task’s performance gap
between our method and the comparative one.

Method | N, P I Abasc A]ast Aavg. | AAlast

CPE-CLIP[5] | 400k | 90.23 82.77 86.13 | +9.63
CLIP-M? [6] 46k | 96.00 9250 94.10 | —0.10
LP-DiF [10] 8.1k | 9634 91.68 93.76 | +0.72
BiMC 0 9547 9240 93.60 | 0.00

Analysis on hyper-parameters

(a) Influence of /3 and session-wise accuracy on minilmageNet
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Figure 7. Analysis on hyper-parameters 3 and a. For (3, we
present heatmaps illustrating accuracy under varying 3 across dif-
ferent sessions. For c, we report the average task accuracy Aquvg.
and the final task accuracy Ajqs¢ under different settings.



Ablation study

Table 2. Ablation studies of bi-level calibration framework on minilmageNet. Vis. and Lang. individually represent classifiers derived from
the visual and language modalities. Intra-C and Inter-C refer to the strategies of intra-modal and inter-modal calibration, respectively.

Accuracy in each session(%) T

Vis Lang Intra-C Inter-C AvgT PDJ|
0 1 2 3 4 5 6 7
v 9258 91.88 8937 8824 8842 8786 8633 86.16 86.09 8855 649
v v 9258 9206 89.69 88.60 8880 8831 86.84 B86.71 86.66 8892 592
v 91.27 91.25 89.74 8943 8898 8842 8696 B86.64 86.15 88.76 5.12
v v 93.27 9332 9191 09151 9121 90.73 8928 8923 8901 9105 426
v v v 9468 9458 9287 9249 9256 9231 9159 9158 9154 9269 3.14
v v v v 9490 9480 9321 9291 9288 9260 91.78 91.88 9181 9297 3.09

Table 4. Ablation study of Semantic and Covariance-enhanced
Metric on the minilmageNet dataset. To verify their efftctiveness,
we measured the performance of the base task Apase, the perfor-
mance of last task Ay, and the average performance Aan. across
all tasks. Additionally, we report the accuracy of base Ap and
novel Aj; class in last task.

Ablation -Abasc | Alast ‘A]l::st Ai’::st Aan-
BiMC 9490 | 91.81 93.43 89.38 | 92.97
+ MGC 9547 | 91.51 9437 87.22 | 9291
+ CMNN 94.85 | 92.15 93.30 90.42 | 93.18
BiMCT (w/o mask.) | 95.47 | 9220 94.12 89.32 | 93.37
BiMC' 95.47 | 9240 9320 91.20 | 93.60
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