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Abstract. Accommodating infrared novel class in deep learning models
without sacrificing prior knowledge of base class is a challenging task ,
especially when the available data for the novel class is limited. Exist-
ing infrared few-shot learning methods mainly focus on measuring sim-
ilarity between novel and base embedding spaces or transferring novel
class features to base class feature spaces. To address this issue, we pro-
pose Infrared (omnidirectional) Compatibility Training Learning (CTL-
I). We suggest building a virtual infrared prototype in the basic model
to preserve feature space for potential new classes in advance. We use
a method of coupling virtual and real data to gradually update these
virtual prototypes as predictions for potential new categories, result-
ing in a more powerful classifier that can effectively adapt to new cate-
gories while retaining knowledge about general infrared features learned
from the base class. Our empirical results demonstrate that our approach
outperforms existing few-shot incremental learning methods on various
benchmark datasets, even with extremely limited instances per class.
Our work offers a promising direction for addressing the challenges of
few-shot incremental learning in infrared image.

Keywords: Infrared - Few-shot Learning + Class-incremental Learning

1 Introduction

In recent years, significant breakthroughs have been made using various neural
network architectures [1]. These achievements hinge on extensive datasets with
well-balanced class distribution. However, the challenge emerges when dealing
with infrared image data, which often arrives as a continuous stream [2], intro-
ducing novel classes [3] in open-world scenarios, such as newly discovered frog
species in rainforests. This necessitates flexible methods for incorporating novel
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class knowledge, termed Class-Incremental Learning (CIL). Yet, training models
with new class data triggers catastrophic forgetting [4], where accuracy on old
classes sharply declines post-update. CIL mitigates this, but designing compat-
ible CIL algorithms remains challenging due to limited access to high-quality
infrared data [11,13].

CTL-I base session base class CTL- virtual class patchUp from base class CTL-I novel class replacing virtual class

Gaussian
ot 4 = 7
v 44 4 & 44 4
4.4 4 Q
4 9 o o daa o o daqa g,
° 4, (TN 4 a4 0%
0 < % =
SN oobbm - °®
OODQ 0o , Nmm oo .
00 0® & OoOo/ = ©00g -
= % ® e = 0% o Ay
° e = [e]
s 9= ° 5 75

Fig. 1. The left figure represents the occupancy of base class data in the feature space.
The middle represents the association between virtual class instances generated through
collaboration between base class instances and random Gaussian noise, which exceeds
the range of the base class due to the latter. The right shows that the new class data
inherits a portion of the feature space of the virtual class and the resolution ability
from the base class.

For the practical application of CIL, amassing sufficient new class instances
is often unrealistic, particularly in scenarios like infrared scenes where factors
like noise and ambient light limit data collection. This gives rise to incremental
learning with few shots (FSCIL), where models learn new classes with limited
instances, risking overfitting to new classes and forgetting old ones. To address
overfitting, algorithms [5,14] have been proposed for less-shot learning.

In FSCIL, models learning new class data must retain distinctiveness for base
classes, akin to retaining knowledge of solid geometry after learning calculus.
This is termed backward compatibility [6]. The CIL method attempts to increase
backward compatibility by reducing the distinguishability of old classes, while
the FSCIL method achieves this by abandoning the update of old classifiers and
adding novel class classifiers.

Currently, the main focus of research is on backward compatibility patterns,
leaving the task of learning novel classes to subsequent models. Some work has
shown that if the previous model is not well learned, the latter model will also
degrade on this basis. This is indeed a potential issue to encounter, but it is not
the focus of the current issue discussion. The fundamental problem with back-
ward compatibility mode is that in the incremental stage, the data participating
in learning is all novel classes, competing with the old class data, thus completely
occupying the feature space of the old class data. In addition, there is a forward
compatible method [15] that, although it solves the problem of accepting novel
classes, lacks protection for the base class. In contrast, a better solution is to
consider future additions and retention of growth space in the base class model.
Therefore, another type of compatibility, omnidirectional compatibility, is more
suitable for FSCIL, which is both backward and forward compatible.
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Fig. 2. This figure shows the visualization of the results, which are categorized into
base class instances, virtual instances of base class patchUp and novel class instances.
The classification ability on the base class instance can be transferred to the virtual
instance with random Gaussian noise through the patchUp operation, and ultimately
successfully transferred to the novel class instance.

Building upon Zhou’s framework [15], we introduce Infrared (Omnidirec-
tional) Compatibility Training Learning (CTL-I) for Infrared FSCIL. CTL-I
establishes a model structure that ensures compatibility between new and exist-
ing classes. To facilitate seamless model updates, we pre-construct virtual proto-
types, aligning with the count of newly introduced categories in the feature space.
These virtual prototypes are derived from existing class prototypes. Through
optimization, we not only condense the space occupied by same-class data, thus
reserving more room for updated novel classes as depicted in Fig. 1, but also gen-
erate virtual instances corresponding to the virtual prototypes using the patchUp
technique [7]. During the foundational training, the feature space of the virtual
prototype is solely populated by virtual instances. Leveraging these instances,
the model progressively learns classifiers effective for both new and base classes.

The main contributions of our CTL-I method can be concluded as follows:

1) We propose a new virtual prototype generation method that is compatible
with base class and new class features in incremental learning models for few
shot infrared classes, improving the classification accuracy of new classes and
base classes.

2) We design a new Loss function, which can infer virtual prototype and improve
the performance of incremental learning of infrared class with few lenses.

3) Our method has wide adaptability and excellent performance for various types
of infrared images.

The rest of this article is organized as follows. The second section briefly intro-
duces the few shot learning and class incremental learning in infrared images.
In the third section, we provide a detailed description of the proposed CTL-I
method. The fourth section introduces the comprehensive experiments on our
infrared dataset. Finally, the fifth section provides the conclusion of this article.

2 Related Work

In this section, we first describe the specific methods of the few shot learning
and class incremental learning in infrared images.
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2.1 Few Shot Learning

Few-shot learning algorithms can be broadly categorized into three groups: data
augmentation-based methods, fine-tuning-based methods, and meta-learning-
based methods. Data augmentation-based approaches aim to generate additional
data for novel classes, while fine-tuning-based methods focus on achieving rapid
backward compatibility. On the other hand, meta-learning-based algorithms
leverage extensive data to pre-train the backbone and employ suitable metrics
to compute the distance between support and query sets [8]. These methods are
collectively referred to as backward-compatible few-shot learning strategies.

Prototypical Network: The sample sizes of the base class and the novel class
may differ, but they can be transformed into functional expressions, ensuring
that each sample type has an equal number of specific metrics. ProtoNet [16]
employs cross-entropy loss to train on base class data and subsequently adapts
the same network for novel class data. This involves constructing embeddings
using distinct depth feature sets ¢(-), resulting in the computation of average
prototypes for each class. Notably, both novel and base classes adhere to the
same ¢(-) parameters, thereby maintaining uniformity in parameter quantity
and formulation.

pi= g > 1y =96 () (1)

I(+) is the indicator function. The average embedding represents a classifier that
stores the differences in the features of each class, i.e. W; = P;, which does
not mean that the average embedding truly distinguishes between new and old
classes, as well as different novel classes. The average embedding layer is nearly
frozen throughout the entire novel class learning stage in order to maintain back-
ward compatibility between new and old models. Therefore, it can be seen that
the updated part is actually the backbone part, and the classifier is not signifi-
cantly updated. This is a relatively conservative learning mode that prioritizes
sacrificing the ability to learn novel classes. Knowledge Distillation and Pro-
totypical Network approach backward compatibility from distinct angles. The
Prototypical Network preserves the distinctiveness of old classes by aligning the
new model with the established one, whereas Knowledge Distillation partially
freezes the embedding layer to hinder excessive updates and replacements to the
embedding layer associated with old classes. Both methodologies approach class
incremental learning through the lens of backward compatibility. To elaborate
further, their primary objective is to minimize alterations to the old class model
while introducing new classes, ensuring stability and continuity throughout the
update process.

However, these approaches did not account for the inherent trade-off between
ensuring backward compatibility and preserving adaptability for new classes.
This trade-off is evident when considering both base class accuracy and novel
class accuracy.



CTL-1 7

Forward compatibility presents a fresh perspective to address this challenge.
It involves preparing the model during the current training session to accommo-
date potential future updates.

2.2 Class Incremental Learning in Infrared Images

This novel perspective aims to address the challenge of learning from novel classes
without forgetting old ones [9] within the context of infrared images. The cur-
rently available Class-Incremental Learning (CIL) algorithms can be broadly
categorized into two groups. The first group focuses on assessing crucial param-
eters and safeguarding them against adverse updates [10,11]. The second group
leverages techniques like knowledge distillation or meta-learning, blending novel
and base class data to mitigate forgetting [12,13]. Notably, CEC [14] employs
additional graph models to propagate contextual information among classifiers
for adaptation. In the realm of CIL, compatibility learning was introduced [9]
to enhance the model’s backward compatibility, while FACT [15] represents the
pioneering effort to address the forward compatibility challenge in the CIL model.

FACT: Inspired by the promise of forward compatibility, FACT endeavors to
integrate forward compatibility techniques into the framework of Few-Shot Class-
Incremental Learning (FSCIL) [15]. In essence, FACT adopts a dual-classifier
approach involving two pre-constructed classifiers with identical structures but
distinct update sequences. This configuration is reminiscent of the prototype
method. During the foundational learning phase, the classifier’s posterior proba-
bility is optimized to yield a bimodal distribution. Subsequently, a virtual proto-
type is formulated by amalgamating prototypes from the base class. The virtual
prototype is then augmented by generating virtual data through instance mix-
ing with base class data, facilitating virtual prototype updates. This augmented
virtual prototype reserves a designated feature space to accommodate potential
new classes.

Ev(x7 y) =1 (f'u(x)a y) +7€ (MaSk (fv(x)v y) 7@)
L1 Lo (2)
Mask (fv(x)v y) = fv (X) ® (1 - OneHOt(y))v

Forward compatibility methods operate under the premise that the base class
shares a certain level of resemblance with the novel class, exhibiting either
explicit or implicit similarities in their features. An analogy can be drawn from
the similarity in deep features between kittens and puppies. When examined
through the lens of feature space theory, the virtual prototype’s feature repre-
sentation for the base class is an approximation. Similarly, the features of the
novel class must bear resemblance to the virtual prototype to facilitate a seam-
less transition from the old model trained on the base class to the updated new
model enriched with novel class data. This ensures the retention of base class
knowledge while facilitating the acquisition of novel class knowledge.
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However, it’s worth noting that forward compatibility has its limitations.
If the disparity between the features of the novel class and the base class is
substantial, it can result in a pronounced difference between the novel class and
the virtual prototype. This disparity can subsequently constrain the learning
potential of the novel class to some extent.

3 Proposed Method

3.1 Preliminary

Few shot incremental learning has two stages: base training session and incre-
mental training session.

Base Training Session: In first stage, a model with random parameter ini-
tialization accepts a session 0 training set Diession=0 — (g, 4 )1 No:clas%0 Gigpy
sufficient base class instances firstly, and then evaluates it using the base class
data testing set Dj¢ssion=0 — {(xj,yj)}j.wz”l’da“”. D#ession=0 ig called the base
session. z; € RP is one of training data in class y; € Y. Yy, which is the label
set of session 0. Although z; has a large amount of data, in order to maintain
the compatibility of the model before and after the training session, it is nec-
essary to maintain the same quantity of instances for each class. x; € RP is a
testing instance of class y; € Yy. Each type of test set and training set instance
is divided by 7/3.The algorithm fits a model f(x) to minimize the empirical risk
over testing set.

> C(f (x5),9;5) 3)

(xi,yi)€Dsession=0

where £ (-,-) represents the difference between the prediction and the ground-
truth label, and the cross entropy loss function is used here. The output layer
of the model is a Linear classifier and an embedding weight matrix: f(x) =
WT¢(z), where ¢(-) : RP — R?. Both ¢(z) and W7 are learnable parameters.

Incremental Session: In practical situations, novel classes usually surface
incrementally with a limited number of instances. These instances are presented
as a sequence of datasets D',--- DB, following a specific order. The practi-
cal approach of arranging the training categories’ order is viable. We posit that
access to a given dataset DP is only possible during the training session cor-
responding to b. Alternatively, if the available number of new class categories
falls short of the specified count, we can supplement the training data for that
session with old class data. This mimics the chronological emergence of data and
supports the intended order.

Each dataset contains a set of instances represented as Db = (x“yl)f\gf ,
where y; € Y} belongs to the label space of the corresponding session b. The
label spaces of different tasks are linearly independent, which means that if
b#£0V,Y,NYy =0.
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In order to handle limited instances, the dataset is structured in N-way K-
shot format to avoid imbalanced sample sizes between new classes. Each dataset
has N classes, and each class has K instances, which is also a commonly used
small sample learning training setting. When using a new dataset, the model must
effectively learn the new class while preserving its performance on the old class.
The optimization goal of the model during the training process is to minimize
the empirical risk of all training datasets.

> C(f(%5)595) (4)

(x5,95) €DV Dy

3.2 Model of CTL-I

Through the lens of backward compatibility, the focus lies in safeguarding the
integrity of base class information. However, the vantage point shifts when exam-
ining incremental learning from a forward compatibility standpoint-anticipating
and accommodating future updates. Essentially, the learning process of base
classes should remain 'unperturbed by what lies ahead.” By allocating embed-
ding space for potential novel classes and projecting their potential patterns, the
incurred costs of adaptation can be substantially minimized.

Gaussian
Noise
patchUp e Virtual Class
Classifier i
Prediction
Virtual Class o —
Generator izt —
\—/ Shared = R
Classifier | / \
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Fig. 3. CTL-I model Network architecture. The base class prediction is presented by
green vector, base classifier. The virtual class prediction in Session 0 is presented by
the orange vector, extending classifier. The novel prediction after Session 0 is presented
by the orange vector. During the learning process, the base classifier and the extended
classifier will be updated separately. (Color figure online)

Inspired by both two theories, our novel omnidirectional compatibility model,
CTL-I, synergistically harnesses the benefits of both forward and backward com-
patibility. This model bifurcates the learning process for the base class and the
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novel class into two distinct and independent stages, as depicted in Fig. 3. This
design ensures not only the preservation of the base class but also the effective
acquisition of knowledge pertaining to the novel class. Consequently, a seamless
transition through the update phase is facilitated, reducing the costs associated
with adaptation and enhancing the processing capabilities for infrared images.

Initially, we introduce the approach of amalgamating virtual and real pro-
totypes. Subsequently, we elucidate the process of utilizing these prototypes for
logical inference.

3.3 Virtual Prototypes Assignment with Loss

In Session 0, we introduce the concept of metrics to gauge the resemblance
between instance embedding and prototypes of the base class, denoted as p(y |
x) o sim (wy, ¢(x)). This similarity score reflects the likelihood that instance
x belongs to class y, with a higher score indicating a stronger association. By
employing prototypes, we can project K instances of novel classes into the deep
feature space and aggregate them into a unified class representation. Similarly,
base class instances are also aggregated, resulting in an equivalent number of
clustering centers for novel and base classes. This approach effectively mitigates
data imbalance concerns.

The process of calculating similarity involves convolving the prototype
weights with instance depth features. In the context of Digital Signal Processing
(DSP), this equates to filtering the instance’s depth features using the proto-
type weight. A higher similarity value corresponds to more pronounced filtering
outcomes.

To incorporate the concept of forward compatibility [15], we adopt distinct
prototypes |Yp| € Dg for virtual classes in the embedding space, augmented
with Gaussian noise denoted as noiseg. These augmented prototypes, referred
to as virtual prototypes P,, correspond to virtual classes and are defined in
RV where V signifies the number of virtual classes. We represent the output
of the current model as f,(z) = [W, Pv]T o(x), effectively establishing an embed-
ded space for virtual classes. Consequently, the loss function adheres to Eq. 2,
where f,(z) = [W,P,]" ¢(z), and § = argmax vpv T ¢(x) + |Yo| denotes the top
logit for virtual class, which serves as the ground truth for the virtual proto-
type. Equation 2 encompasses both base class loss and ground truth. The second
term involves a mask operation that minimizes the actual value and retains the
remaining portion as a pseudo-label. By doing so, Eq. 2 reduces the impact of
actual values on virtual classes while accentuating the influence of virtual labels.

Furthermore, to facilitate the update of the virtual prototype and enable its
integration of novel knowledge, we introduce a fusion of base class instances into
virtual instances, thereby enhancing the virtual prototype’s capacity to assimi-
late new insights. Given that interpolation between base classes often lies far from
the center of the two categories within the feature space, discerning the original
classes can prove challenging. To address this, we employ the “patchUp” tech-
nique, segmenting the intermediate hidden layer output into blocks and inter-
changing them to meld the two instances.
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The embedding layer ¢(-) is bifurcated into two components, ¢(-) = g (h (+)).

To bolster the virtual prototypes’ adaptability to arbitrary novel classes, we

introduce standard Gaussian noise, emulating the randomness inherent to novel
classes:

z =g [ (%) + (1 = AN)h(x;) + noiseg] (5)

where X\ denotes the hyperparameter governing the feature mixing ratio employed
in patchUp. When combining n instance features to compose the features of a
virtual prototype, the resulting representation of the virtual prototype can be
expressed as follows:

|

> b (xi)

+n0isegl A={A, ., | A €(0,1)} (6)
2

where ||-||, signifies the utilization of 2-norm normalization for two-dimensional
vectors. This normalization technique is employed to mitigate potential instabil-
ity stemming from excessively large or minute random parameters. Its purpose
is to strike a balance between the virtual prototype and the random noise, pre-
venting one from overpowering the other. Given the low resolution of infrared
images and the pronounced similarity across different categories, training mod-
els to emphasize the learning of more akin category features leads to improved
testing outcomes.

We can build a loss function for virtual instance z to reserve embedded space:

Ly(x,y) = ¢ (Mask (£,(2),9) )

L3

(7)

Equation 7 serves to strike a balance between mixed instances from known classes
and the introduction of randomness through virtual classes. This equilibrium
is crucial to avoid known classes from unduly constraining the adaptability of
virtual classes to novel ones, effectively mitigating the risk of overfitting. The
final loss formulation combines the contributions from Eq.2 and Eq. 7, yield-
ing £L = L, + L¢. By introducing heightened randomness to virtual classes,
the model gains a more efficient capability to simulate future instances, thereby
enhancing the implementation of forward compatibility compared to the app-
roach presented in [15].

To encompass the representation of both virtual and known classes within the
model, we expand the classifier as follows: C' = [Chase; Crovel] , novel = N x BJ.
Here, Cyqyse signifies the classifier dedicated to base classes, while C), 4y pertains
to the classifier tailored for novel classes. During Session 0, the update of C,ope;
is driven by virtual class data, while Cyqse is refined through real data from D°.

3.4 Compatibility Update

We have elucidated the process of generating virtual prototypes and their impact
on the model’s grasp of base classes. Now, let’s delve into the strategy for substi-
tuting acquired virtual data with data from new classes in subsequent updates.
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During the acquisition of each batch of novel class data, we adhere to Eq. 1
for extracting class prototypes and populating the extended classifiers. To be
specific, in Session 1, we utilize D' to update Cyoper (1, N), while concurrently
maintaining the immutability of the Cp,se branch. Subsequent sessions follow a
similar update procedure.

Freezing the base class classifier during the update with novel class data is
a characteristic trait of backward compatibility methodologies. This approach
serves to preserve the base class’s discriminative capability. To harness the ben-
efits of backward compatibility, we will introduce novel class classifiers alongside
the ongoing training sessions. In a novel class session, both the base class classi-
fier and embedding layer will coexist, effectively maintaining their frozen state.
Leveraging the inclusion of virtual classes in the base class training phase allows
us to attain a more comprehensive information distribution for ¢(z), thus aiding
the model in assimilating a greater volume of information during the incremental
phase. This proposition is corroborated through testing.

Our approach capitalizes on the strengths of both backward compatibility
and forward compatibility techniques, intelligently circumventing their individ-
ual limitations. In doing so, we strike a harmonious equilibrium between the
precision of acquiring novel class knowledge and safeguarding the integrity of
base classes.

4 Experiments

In this section, we present a comprehensive comparison of CTL-I with state-of-
the-art methods on our infrared Few-Shot Class-Incremental Learning (FSCIL)
dataset. Through extensive experimentation, we validate the efficacy of omnidi-
rectional compatibility training and provide visual insights into the incremental
process of CTL-I. Moreover, we introduce novel evaluation metrics for incremen-
tal learning, encompassing base accuracy and novel accuracy. These metrics offer
a more nuanced perspective compared to the conventional full class accuracy, as
they better capture the learning dynamics of both novel and base classes.

4.1 Implementation Details

Dataset: After benchmark setting [19], we evaluated the performance on our
infrared street view dataset. Our infrared dataset contains 22000 images from
40 classes.

Dataset Split: For our infrared dataset, 40 classes are divided into 10 base
classes and 30 novel classes. The base class is divided into 10-way 30-shot tasks,
while the novel class is designated as four 5-way 5-shot incremental tasks. For
fair comparison, we use the same training segmentation for each comparison
method [19] (including basic and incremental sessions). The test set is sampled
from the current training category, and the same session uses the same test set
for overall evaluation.



CTL-1 13

Compared Methods: We first compared the classic CIL methods iCaRL [17].
In addition, we also compared the current SOTA FSCIL algorithms: SPPR [5],
CEC [14], method[15]. The baseline method we reported is ’fine-tuning’ by fine-
tuning the model with a few instances of shots.

Training Details: All models are deployed using PyTorch [18]. We use the same
backbone [19] for all comparison methods. For all datasets, we use ResNet18.
The model is trained with a batch size of 256 for 600 epochs and optimized using
SGD with driving capacity. The learning rate starts at 0.1 and decays with cosine
annealing.

ACC

accuracy %

session0 sessionl session2 session3 sessiond sessiond session6

bacc

60
404 —— Fine-tune

—— iCaRL
—— SPPR
20 GEC

FACT
oL

accuracy %

session0 sessionl session2 session3 sessiond sessionb session6

nacc

—e— Fine-tune

80 —— s
GEC

FACT
60 4 oTL-1

404 R
20
0

session0 sessionl session2 session3 sessiond session5 session6

accuracy %

Fig. 4. Top-1 accuracy, bacc and nacc of each incremental session.We have shown the
legend in (a) and annotated the performance gap between CTL-I and the runner up
method after the last session at the end of each curve. The specific values are shown
in Table 1 and the supplementary table.

Evaluation Protocol: After [19], we represent the Top-1 accuracy after the
i-th session as A;. We set the base class accuracy (bacc) and the novel class
accuracy (nacc) to evaluate them separately. We also quantitatively measured
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the forgetting phenomenon using performance drop rate (bPD), which is bPD =
bAy — bAp, where bA( represents the accuracy after the basic session and bApg
represents the accuracy after the last session,visualized in Fig. 2. We calculated
bPD for the base class.

4.2 Benchmark Comparison

We report the performance curves on the benchmark dataset [19] (i.e. our
infrared dataset) in Fig.4 and Table 1.

Table 1. The acc, bacc, and nacc of each incremental session on the our infrared
dataset. The results of the comparison method are cited from [19] and [14].

Method Acc | Accuracy in each session (%) bPD |
0 1 2 3 4 5 6
Fine-tune |acc |68.69 |43.71|25.08|17.80 |17.56 | 16.96 | 15.10 | 30.71
bacc | 68.69 | 58.66 | 48.73 | 44.15 | 40.26 | 38.24 | 37.98
nacc | 2.7 |13.73|14.65|12.30 | 11.98 | 10.55 | 9.78
iCaRL acc | 68.69 | 52.65 | 48.61 | 44.16 | 36.52 | 30.46 | 27.83 | 28.55
bacc | 68.69 | 55.32 | 52.82 | 48.87 | 45.22 | 43.21 | 40.14
nacc | 3.1 |24.45|25.21 | 27.74 | 27.34 | 26.84 | 25.94
SPPR acc | 68.69|61.85|57.43 |52.68 | 50.19 | 46.88 | 44.65 | 20.19
bacc | 68.69 | 63.71 | 60.09 | 57.82 | 55.51 | 52.64 | 48.50
nacc | 1.8 |41.17|45.20 | 46.18 | 47.50 | 46.69 | 42.14
CEC acc | 75.86 | 71.54 | 68.48 | 63.52 | 62.45 | 58.29 | 57.80 | 14.76
bacc | 75.86 | 74.33 | 72.08 | 69.10 | 65.56 | 63.96 | 61.10
nacc | 5.3 |49.51|48.02|49.16 |50.16 | 51.98 | 50.16
FACT acc | 76.0 |73.26|70.9 |66.7 65.42 | 62.10 | 61.78 | 10.20
bacc | 76.0 | 74.89 | 73.02 | 71.80 | 70.86 | 66.97 | 65.80
nacc | 4.28 | 57.71| 56.05 | 57.60 | 57.46 | 56.76 | 55.50
CTL-I(our) | acc | 76.9 |75.25|73.2 |70.98 |68.23|66.79 | 64.21 | 8.34
bacc | 76.9 | 76.31 | 75.28 | 73.60 | 71.24 | 70.60 | 68.56
nacc | 3.65 | 63.71 | 65.08 | 62.80 61.56 | 61.96 | 61.10

We can infer from Fig.4 that CTL-I consistently outperforms the current
SOTA method (i.e. FACT) by a margin of 2-4%, demonstrating its clear supe-
riority. The subpar performance of the CIL method underscores its limitations
in handling novel class compatibility. Moreover, CTL-I's superiority over the
FSCIL approach reinforces the significance of considering forward compatibility
for improved results.

Moreover, CTL-I surpasses the forward compatibility method, which leans
towards compatibility with virtual novel classes. This underscores that omni-
directional compatibility is better aligned with FSCIL requirements. Further-
more, CTL-I outperforms FACT, which approaches forward compatibility from
a different angle. Collectively, our training strategy is better suited for FSCIL.
Detailed results for our infrared dataset are presented in Table. 1. Notably, CTL-
I demonstrates minimal degradation in bPD metrics for both visible and infrared
data. This highlights the effectiveness of omnidirectional compatibility training
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in combating base class forgetting during FSCIL, all the while mastering novel
classes with high precision.

In summary, CTL-I always handles small-scale FSCIL tasks with SOTA per-
formance.

4.3 Further Analysis

The performance metrics encompass precision evaluations spanning both old and
novel classes. To delve into novel class learning and the resilience against base
class forgetting, we present base class and novel class accuracies across sessions,
along with their harmonic mean, for our infrared dataset. These measurements
adhere to the identical benchmark testing conditions. It is evident that CTL-
I exhibits superior performance in novel class learning, thereby validating the
efficacy of omnidirectional compatibility training and its adeptness in effectively
mastering infrared data.

5 Conclusion

FSCIL capability stands as the initial stride into open-world learning in Infrared
images, demanding models to grasp new classes with limited data while retaining
knowledge of old classes. This article emphasized the significance of developing
an FSCIL omnidirectional compatible model. We devised a virtual prototype
incorporating random noise for forthcoming new classes within the classifier,
harmonizing the feature space between new and old classes from dual perspec-
tives. This approach, which preserves the attributes of old classes, promotes a
balanced growth between novel and old classes, consequently mitigating perfor-
mance deterioration during updates. Surprisingly, virtual prototypes integrated
into the embedding space unexpectedly enhance FSCIL’s learning performance
for base classes and effectively curtail overfitting concerns. CTL-I effectively
integrates new knowledge into old models and achieves SOTA performance.
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