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Abstract

Class-incremental learning (CIL) has been widely stud-
ied under the setting of starting from a small number of
classes (base classes). Instead, we explore an understud-
ied real-world setting of CIL that starts with a strong model
pre-trained on a large number of base classes. We hypoth-
esize that a strong base model can provide a good repre-
sentation for novel classes and incremental learning can be
done with small adaptations. We propose a 2-stage train-
ing scheme, i) feature augmentation — cloning part of the
backbone and fine-tuning it on the novel data, and ii) fusion
— combining the base and novel classifiers into a unified
classifier. Experiments show that the proposed method sig-
nificantly outperforms state-of-the-art CIL methods on the
large-scale ImageNet dataset (e.g. +10% overall accuracy
than the best). We also propose and analyze understudied
practical CIL scenarios, such as base-novel overlap with
distribution shift. Our proposed method is robust and gen-
eralizes to all analyzed CIL settings.

1. Introduction

As deep classifiers become more popular for real-world
applications, the need for incrementally learning novel
classes (novel data) becomes more prevalent. Training
a classifier with both old and novel data is not optimal
when old data can become unavailable over time [0, 13,

, 18,19,23,24,32]. Fewer old data leads to a high im-
balance between the old and novel data, and simply fine-
tuning the model causes catastrophic forgetting for the old
classes [15].

Class-incremental learning (CIL) methods [5,6,8, 11,23,

,34] learn to categorize more and more classes over time.
However, they typically start their incremental training with
a small number of base classes (e.g. only 50), and add an
equally small number of new classes at a time. In many
practical scenarios, having a large number of base classes
can be a more useful starting point for building an applica-
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Figure 1. We study the problem of CIL in the setting where there
are a large number of base classes. Classes between splits can
have overlaps, and data can be sampled from the same or different
distributions (e.g. different styles, poses).

tion. For example, a strong model could have been devel-
oped to identify different dog breeds, and a small set of ad-
ditional breeds needs to be added for model update. More-
over, base and novel classes may overlap but may distribute
differently, such as a guitar class present in both base and
novel classes, with only acoustic guitars in base samples
while electric guitars in novel ones.

Some CIL methods use a static model and typically
fine-tune the existing parameters with some constraints im-
posed on parameter changes [3, 13,32], gradients [17], fea-
tures [8, 1 1], or activations [0, 15,23]. These methods mod-
ify the well-trained network weights and risk performance
degradation. On the other hand, methods based on dynamic
models learn separate parameters for novel tasks, either by
expanding the model [24], or introducing a parameter gat-
ing function [ 18, 19]. However, almost all dynamic methods
focus on task-incremental learning (TIL). TIL assumes that
which task a sample belongs to is known at inference time,
and different tasks are inferred individually. This assump-
tion is not realistic if the application needs to distinguish
between base and novel classes. A recent work DER [30]



uses a dynamic model for CIL, where it duplicates the entire
backbone for novel data and prunes the model.

Current CIL approaches may not be optimal when a large
number of base classes (e.g. 800) is used to pre-train a
strong model. We hypothesize that the well-trained back-
bone is capable of extracting representative features for the
novel data and freezing it partially while learning a small
adaptation branch for novel data works better than fine-
tuning the whole backbone. We show in a preliminary study
that fine-tuning fewer layer blocks outperforms full fine-
tuning when using a strong pre-trained model.

Hence, we propose a 2-stage training scheme for CIL
starting with a large number of base classes: i) duplicat-
ing part of the backbone as the adaptation module and fine-
tuning it on the novel data, and ii) combining all the inde-
pendently trained base and novel classifiers into a unified
classifier at each incremental step. Towards this, we pro-
pose a score fusion network that enables knowledge trans-
fer between base and novel classes by combining the logits.
While the optimal adaptation module size may depend on
the old and novel data discrepancy, we show that our score
fusion generalizes to different adaptation module sizes.

Most CIL research [6,8, 11,23,29,34] only consider the
scenario where the base and novel label sets are disjoint.
Rainbow Memory [5] (RM) is the only exception where
label sets are identical among tasks but class frequencies
differ. In this work, we explore a more general setting
where some novel classes can overlap with base classes, po-
tentially with a different distribution (e.g., different styles,
poses), as shown in Figure 1. We show how our score fu-
sion can handle overlapping classes by using a knowledge
pooler to combine their base and novel logits.

In summary, we provide three contributions:

* We propose a 2-stage CIL training strategy. In stage-I,
instead of tuning the base network and risking catas-
trophic forgetting, we replicate part of the network and
fine-tune the extra branch on novel data. We show that
as we start with a strong pre-trained base network, this
approach outperforms state-of-the-art CIL methods.

* We propose a new score fusion algorithm for stage-II,
where we unify the classifiers for base and novel data
into one by consolidating their output logits.

* We generalize CIL to a broader and more challenging
scenario: base and novel classes can partially overlap,
and the overlap classes may have changed distributions
(e.g. new style). We show that our method is robust and
generalizes to this new scenario.

2. Related work

Prior work in continual learning can be mainly catego-
rized into two streams: methods using a (1) static and (2)

dynamic model architecture. For the first group, the gen-
eral approach for incremental training is to impose con-
straints on parameter changes [3, 13, 32], gradients [17],
features [8,11,25], or activations [2,6, 10, 15,23] when fine-
tuning the network with novel samples. They can be either
memory-free [3,13,15,32] which only rely on the novel data
and the original point of convergence in parameters, or be
memory-based [2, 6,8, 11,13,17,23,29,34] which relaxes
the constraint and keep exemplars of old data for replay.
The exemplars can be selected in many ways, such as herd-
ing [23], random sampling [10], uncertainty sampling [5].

The second line of work adopt dynamic models, where
task-specific parameters are introduced to prevent interfer-
ence among tasks, which can be achieved by growing the
model [14,16,21,22,24,26,30,31,33], or introducing a gat-
ing function on the parameters [1, 18, 19]. However, most
works in this line either focus only on the performance of
the target task [16,21,22,26], or assume task label is avail-
able at inference time [12, 14,18,19,24,31,33]. The excep-
tions infer the task identity typically by learning a routing
classifier [1,4], or estimating confidence scores [27]. How-
ever, they do not produce a unified head for all the classes.

Our proposal is a two-stage method in the offline setting
with a dynamic model. In stage-I, we expand the network
by cloning and fine-tuning partial parameters from the orig-
inal backbone. While DER [30] shares some commonalities
with our first stage, we differ in stage-II. We show the down-
side of retraining a linear classifier for all classes solely with
the data in the memory as in [5, 30], and propose to com-
bine the logits of the old and new expert classifiers. We also
investigate consolidating knowledge of overlapping classes,
which is understudied in the literature.

Our method bears superficial similarity to transfer learn-
ing and few-shot learning in that it uses a large number of
base classes. However, they focus only on the performance
of novel classes. Such methods underperform on overall
average performance in our experiments.

3. CIL with strong pre-trained models

In this section, we present the problem formulation and
the details of the proposed method.

3.1. Problem formulation

Given a dataset D = {(x;,y;)},, where z; and y; are
data and label respectively, the goal of a traditional classifi-
cation network is to learn a feature extractor h(-; ®) € R¥
and a linear classifier W € RF*IY ‘, where ) is the label
set of D. This is usually obtained by minimizing the cross-

entropy loss,
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where
p(x) = o(WTh(x; ®)), ()

o(-) is the softmax function, and v(?) is the I element of v.

In class-incremental learning (CIL), we first focus on one
incremental step, and generalize into multiple steps in Sec-
tion 3.3. Given a base model M, pre-trained on a label set
Y using the base dataset Dy, we augment ), with another
label set ), using dataset D,,, i.e., the new all-labels set
Yo = Vb U Yy. Most prior works [6,8, 11,23,29,34] focus
on the CIL scenario where the label sets are fully disjoint,
i.e. Yy N Y, = ), while in practice, classes can overlap be-
tween base and novel splits [5], where |V, | < |Vb| 4+ |Vnl.
A full-overlapping extreme case is ),, € )}, which means
the new label set ), = ). Despite the overlap, base and
novel samples can be very different in each of the overlap-
ping classes, such as having different poses or styles.

An intuitive solution to learn the combined label set is
to use D, U D, to train a standard classifier with eq. (1).
However, as motivated in the CIL literature, D, often be-
comes unavailable over time in practice. In this case, D,,
dominates the training set and causes catastrophic forget-
ting, degrading base class performance significantly.

Traditional CIL methods divide existing datasets’ classes
evenly into multiple splits, each with a small number of
classes (e.g. 50). Typically, the initial model is briefly
trained only on one of the small splits. Instead, we explore
a real-world scenario that is understudied in the literature,
where the pre-trained model has been sufficiently trained
on a large number of classes (e.g. 800 classes). In following
incremental steps |Vp| > |V, |, so the smaller novel splits
bring comparably little additional information.

3.2. Can minimal network modification work well?

If we freeze the pre-trained network, we avoid catas-
trophic forgetting. However, this representation might not
generalize to the novel classes, especially in traditional
CIL where the first-step model is pre-trained with a small
number of classes. To mitigate this issue, most prior
CIL work [6, 8, 11,23,29,34] update the feature extractor
with novel data. Regularization in the loss function (such
as penalizing changes in predictions [15, 23] or network
weights [13,32], or re-training on saved examplars [29,34])
can reduce catastrophic forgetting to a certain extent, but it
still remains prevalent and unsolved.

In this paper, we propose to add extra capacity to
the network. We differ from prior network-growing ap-
proaches [24, 26] in two ways. First, our goal is CIL
rather than TIL, i.e., the network must avoid confusion be-
tween novel and base classes. This is not solved by merely
freezing existing network weights, which by construct only
avoids forgetting in classifying among old classes. More
importantly, CIL with a large number of base classes allows

our method to leverage the powerful pre-trained model. We
hypothesize that drastic changes in the existing network is
unnecessary, and modifying only the top few layers will suf-
fice. Before we introduce our method, we validate this hy-
pothesis and our strategy of minimal network changes with
two motivational experiments.

We first analyze when there are many base classes, how
much (or little) benefit is in optimizing representations with
the novel data. Starting from a pre-trained ResNet10 [9] as
My, we train a classifier for ), only using new data D,
with or without fine-tuning i(-; ®). As shown in Figure 2
(left), the gap in novel class accuracy between fine-tuning
and fixing the feature extractor is large when the number
of base classes is small. The gap significantly reduces with
increasing number of base classes, but does not disappear
even with || = 800. This indicates that fully changing
the representations for the novel data is still beneficial for
learning D,,, but with greatly reduced significance.

We then explore whether we need to optimize the en-
tire pre-trained feature extractor using novel data. Fig-
ure 2 (right) presents the novel class accuracy of fine-
tuning smaller subsets of the four convolutional blocks in
ResNet10. With weaker pre-trained models (e.g. |V| =
40,100, 200), almost all the layers in the backbone need to
be fine-tuned to gain good performance in novel classes.
However, for strong pre-trained models (i.e., |V,| = 800),
fine-tuning anything beyond the last convolutional block
(i.e., layerd4) degrades the strong performance.

3.3. Training pipeline

Inspired by these observations, we propose a 2-stage in-
cremental training pipeline (Figure 3). We first formulate
using one incremental step (base+novel):

Stage-1 — Feature augmentation (FA): We split the pre-
trained feature extractor h(-; ®) into two sub-networks,
where the encoder with parameter ® is followed by the en-
coder with parameter ®;,, ® = {®,, ®,}. To optimize the
features for D,, without forgetting the ones for Dy, we ex-
pand the features by cloning the sub-network of @, to the
branch ®,, as the adaptation module, and fine-tuning ®,,
and the weights of the novel class classifier W,, € R¥*|¥nl
on D,, with the loss of eq. (1). The shared ® is frozen. This
setup ensures no forgetting in the old representation, while
enabling feature learning to accommodate new knowledge.
While the optimal size of the frozen ® depends on the data
discrepancy between base and novel splits, which itself can
be a research topic to explore, we adopt the last convolu-
tional block (i.e. layer4) as ®;, as it suffices for most cases,
and P, is the layer1-3 blocks.

Stage-II — Fusion: After the first-stage training, we have
the base and novel classifiers, M(:; @5, Py, Wy) and
M (; @5, @, W,,), optimized for ), and ), respec-
tively. We introduce in Section 4 our score fusion scheme
to combine the knowledge of the two networks and get a
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Figure 2. Left: The comparison between fine-tuning and freezing
representations. Right: The novel class accuracy of fine-tuning
each pre-trained model with different numbers of layers.
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Figure 3. General training pipeline.

unified classifier of the label set ), where )V, = )V, U V,,.
Multiple incremental steps: We maintain one extra branch
per new step: {®,, Wy, ®,,1, Wy1,..., P70, W,r}. In
each novel step ¢ € {1..T'}, we initialize the new branch
®,,; with ®,, fine-tune it, and re-fuse all ¢ + 1 branches.

4. Fusion: unifying base and novel classifiers
4.1. Baseline using routing

We analyze fusion baselines with only one incremental
step, although they can naturally extend to additional steps.
We first explore two intuitive baselines that rely on each
classifier’s prediction and a routing function #(-) € {0,1}
to decide whether a sample is from D; or D,,. The final
prediction § is then assigned by § if 7#(x) = 0 and ¢, if
#(x) = 1, where 4 = argmax, p(¥) (x; @, B4, W), for
d € {b,n}. We explore two routing functions:
Confidence-based routing (Fig. 4a) uses the confidence
score of individual classifiers as the proxy where the routing
function is defined as 7(x) = L{con f,<Cony,]» Where 1] is
the indicator function, and the confidence score Conf; =
max; p (x; ®,, Bq, W), for d € {b,n}.
Learning-based routing (Fig. 4b) directly learns a rout-
ing classifier with available data. Following prior work in
CIL [23], we keep few-shot exemplars £ from all past in-
cremental steps in the memory to supplement the novel data
D,,. The routing classifier is formulated as

P(x) = o(W; (hy ® hy)) , 3)

where @ denotes vector concatenation. For d € {b,n},
the feature from each feature extractor branch, hy; =

h(x; ®, ®,), is frozen to preserve the information, and the
linear weights W, € R?¥*2 are the only parameters for
learning the routing classifier.

The routing loss is a binary cross-entropy loss, i.e.

le(x,7)=—(1—71) logf(o)(x) — rlogf(l)(x) , @

where 7 = 1 [xcp,) is the split label for x. However, there is
a large base-novel sample imbalance due to |D,,| > |£]. To
address this, we re-balance the class losses by re-weighting:

1 1
vl Le(%i,73) + 575 lre(%i,75).
2|£‘XZ€5 t(X ’I">+ 2|Dn| Z t(x T)
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While routing is a way to get the prediction for all classes
in Y,, these baselines cannot produce a unified probability
distribution for all classes. Also, the routing function’s pre-
diction error will propagate to the final class prediction.

Lrtfbal =

4.2. General score fusion network

Our proposed score fusion network (Figure 4c) inte-
grates the knowledge and output of all branches and gener-
ates a unified probability distribution. Modifying the exist-
ing well-trained classifiers with few samples leads to over-
fitting while being susceptible to class imbalance in the lim-
ited data, but freezing everything rules out knowledge trans-
fer opportunities between branches. In addition, predictions
regarding overlapping classes need unified scores from base
and novel classifiers. We introduce knowledge-preserving
transfer, overlap knowledge integration schemes, and bal-
anced optimization to address these issues.
Knowledge-preserving transfer. After the stage-I train-
ing, we obtain expert models for each step {®4, W} (for
d € {b,nl,..., nt}), where the probability of the individ-
ual classifier is computed by applying the softmax function
on the logit score z; = Wih,, W, € RF*PVal. To pre-
vent overfitting to the small dataset of £ U D,;;, we pro-
pose to also freeze all classifier weights (i.e. Wy, W,
in addition to ®g, ®;, ®,,, 7 € [1,t]) to preserve their
capability of distinguishing classes within the same split.
To additionally enable the knowledge transfer between the
two splits, we use £ U D, to learn Wy € RFX1Val
d,d € {b,nl,...,nt}, d # d (randomly initialized), con-
necting d’ branch’s features to d branch’s logits, which are
used to learn the delta logits for knowledge transfer, to be
added to the final logits for the d branch:

d'#d
AZd = Z ng/ hd/7 (6)
d’'=b,nl,...,nt
Zg = 24 + Nzy. @)

Overlap knowledge integration. To get a unified classi-
fier with probability distribution for all the classes, we can
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Figure 4. Fusion methods. (a-b) Routing as a baseline. (c) Our proposed network for score fusion.

combine the logit scores of the base and novel branches
by concatenation, i.e. 2, = Zp D Zp1 D - D Z,: Where
Zq € R4l d € {b,nl,... nt}, and obtain the posterior
probability with o (z,,). However, when overlapping classes
exist (Vg N Yy # 0,3d,d’), they appear in z, multiple
times. We apply a knowledge pooler to z,, € R2=¢ Y4l to get
the final logit Z, € RIY|, as illustrated in Figure 4c (right),
that either max-pools or average-pools the multiple logit
scores for each overlapping class. Note that z, = z, when
YaN Yo = 0,Vd,d. From our experiments, max pooling
performs better than average pooling, since the branches do
not always simultaneously output high responses to a sam-
ple on its class, especially when the data of the same class
are very different in base and novel splits.

Balanced optimization. With the final logit score z, ; for
each sample x; € £ U D,;, the parameters W 44 can be
optimized with the loss of eq. (1). However, since | Dy,¢| >
|€|, the training will be dominated by the novel classes. To
balance the probability estimation, we sample a subset B C
& U D,,; uniformly over all the classes, where each class in
B has equal number of samples. With this class-balanced
sampling, the classification loss becomes

| B]

Lets = ‘B‘Z log p) (x;)  p(x) = 0(2a).  (®)

However, in addition to the sample imbalance, our number
of classes is also highly imbalanced. Since |Vy| > Vs,
base logits have more chances of being the largest than
novel logits, so eq. (8) will favor one of the base classes,
which may or may not be desired depending on the appli-
cation. To control base and novel logit balance, we explore
two regularization mechanisms.

First, we explicitly train to balance the largest base logit
and the largest novel logit scores, by adding a routing aux-
iliary loss over the maximum score from each split. The
routing classifier can be defined as

7(x) = (W?jaum(mlax z( ) & max z(l) - max z(l)))

9

where W, 4., € REFDXEH1) i the linear routing classi-
fier’s weights. The full loss then becomes

(1 - a) “Les + o Lyg_par (10)

with L., from eq. (8), Ly1—pq; from eq. (5) using 7 from
eq- (9), and « is a loss weight hyperparameter.

Second, during training we normalize and scale h, for
base samples by a factor of 5 € [0, 1] before feeding it into
Wyar, d # b. This prevents the training from drastically
influencing base classes, but limits the knowledge transfer
from novel branch features to base classes.

Like all imbalanced learning problems, there is a trade-
off between the performance of base and novel classes. Us-
ing our two regularization mechanisms provides the flexi-
bility to optimize for the metric that matters more for each
customized application. The behavior of these mechanisms
will be discussed further in the experiment section.

Ltotal =

5. Experiments

In this section, we compare our results with baselines
and state-of-the-art CIL methods. We also show ablation
studies on the effect of different components and analyze
our results in different practical settings. Code will be re-
leased on acceptance.

5.1. Experimental setup

Dataset. To study the behavior of strong pre-trained mod-
els, we create several data splits from ImageNet [7] to sim-
ulate different practical scenarios. For disjoint-CIL with
disjoint base and novel classes, we first perform our main
analysis with one incremental step. Unless otherwise noted,
we randomly select 800 base classes and 40 novel classes.
Variations are tested in ablation studies. We then test on
an existing 10-step asymmetric split scheme with 500 base
classes and ten steps of 50 classes each [8], originally de-
signed to test short but numerous incremental steps.

For overlapping-CIL, where some or all novel classes
overlap with base classes, we experiment with three differ-
ent base-novel class splits (one incremental step). 1) ran-
dom class split: 800 base classes, 40 novel classes with



5 overlapping classes among them. 2) domain-changing
split: ImageNet classes are grouped into two categories,
animate and inanimate. Inanimate and animate classes are
taken as base and novel classes respectively, with 5 overlap-
ping classes that are randomly selected. 3) style-changing
split: To simulate this scenario with currently available an-
notations of ImageNet, we select five pairs of classes that
are semantically similar to each other, merge each pair into
a single class, and use them as five overlapping classes.
For example, “pembroke” and “cardigan” can be merged
into “corgi”, and “electric guitar” and “acoustic guitar” can
be merged into “guitar”. Non-overlapping novel and base
classes are chosen randomly.

For overlapping classes in (1) and (2), samples need to
be distributed between base and novel splits. We explore
splitting each class either randomly or by unsupervised
clustering using K-Means (K = 2) on features extracted
from a full-ImageNet trained ResNet10 penultimate layer.
After splitting all 1000 classes into two splits, we use one
split for base classes and the other split for novel classes.
That is, the 800 base classes are trained on roughly half of
the 800 classes’ data.

Metrics. In prior work, the number of base and novel
classes are usually balanced (e.g. |Vs| = |Vn| = 50), so
it is natural to simply evaluate using the accuracy over all
the classes, i.e. Accqyy = A(Diest), where Dy, is the test-
ing set and A(S) = |T19\ Z(m,y)es Liy—arg max,, s (x)] €I-
ther at ¢t = T or averaged over all incremental steps (iden-
tical to incremental accuracy). We follow the version im-
plemented in [8] that includes the base step ¢ = 0 to facil-
itate comparison. However, in our setting of strong pre-
trained models, |V,| > [Vy|, e.g. 800 and 40. In this
case, the overall accuracy will be dominated by the base
class performance. A model with high overall accuracy
is not guaranteed to perform well for the novel classes.
Hence, in addition to the overall accuracy, we also present
the accuracy in each split. When there is overlap, we
use Accpase = A{(z,y) : (,9) € Diestsy € Vb \
(yb ﬁyn)}), AcCpover = A({(:my) : (‘T>y) € Diestsy €
Y \ (Vs NIn)}) and Accovp = A({(z,y) : (2,y) €
Diest,y € Vo NVn}). Note that the classification is still
predicted among all classes. An aggregate metric to bal-
ance among the per split accuracy is the average of them:

Accqpg = Zde”'"lt;i‘"” Accd oither at the final £ = T step
or follow the 500+50x10 split implementation [8] by aver-
aging over all steps (Accl;0-1%). When there is class over-
lap, we use Accyyg = (AcCpase + AcChover + Accopip)/3
for partial overlap and Accag = (Acchase +Accovip)/2 for
full overlap (Y,, C Y3).

Learning. For stage-II training, 10 exemplars per class are
randomly selected to create a class-balanced split, and the
experiments are repeated with different random seeds. Hy-
perparameters « and [ are selected with a grid search con-

ducted with the validation set as per the metric of interest.
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Figure 5. Design space. Score fusion performs comparably to
joint training and outperforms learning based routing. Optimal
« and (8 values depend on the desired balance between base and
novel performance.

For fairness, all compared methods use the same memory
constraint and dataset sizes. Dataset subsampling are also
identical except where results are from other papers.

5.2. Disjoint-CIL

We first study the most common scenario in the litera-
ture, disjoint-CIL, where the set of base and novel classes
are disjoint. In the following, we present the comparison to
the baselines, along with extensive ablations and analysis of
the proposed method.

Design choices. We first study the balancing behavior of
the two regularization methods in score fusion, routing loss
and feature scaling. For demonstration, we show a hyper-
parameter sweep in Figure 5 with « € {0,04,1},5 €
{0,0.2,0.4,0.6,0.8,1}. Actual hyperparameters are se-
lected on validation data instead. As we increase « (routing
loss weight) and decrease /3 (scaling factor), our novel class
performance is boosted significantly, while the drop in base
class accuracy is comparably minor. The effects of o and
[ are similar, but changing both gives us the flexibility to
reach the full range of base-novel balance operating points.

The optimal hyperparameter selection depends on the
specific design choices and desired metric, such as bal-
ancing between base and novel (best Accyyg) or prioritiz-
ing novel classes (best Accpoper)- In the following exper-
iments, we will present the score fusion results optimizing

for these practical scenarios: best-Accqyy, best-Accqypg and

. . A o A v
best-balanced (optimize %)

Comparisons to CIL methods. In Table 1 (one novel step)
and Table 2 (multiple novel steps), we compare to state-
of-the-art class-incremental learning methods and the joint
training oracle that uses all base data but unavailable to us.
For score fusion, we report the results of three operating
points, the one with the best Accqyy, the best Accqyg, and
the most balanced performance of these two metrics. Fine-
tuning and LwF [15] are simple baselines that do not adopt
image replay and perform especially badly. iCaRL [23],
BiC [29], PODNet [8], and WA [34] keep few-shot exam-
plars to mitigate forgetting, but these methods still under-
perform on base classes since they use a small amount of
data to modify the well-trained representation layers. We
outperform other methods under the multiple novel step



Table 1. Comparison to SOTA class-incremental learning methods. Our method outperforms without additional parameters and pushes the

performance further with additional parameters.

ResNet10 ResNet18

Method #of params  Accqu  AcChase AcCnover  AcCCang | #of params  Accqy  AcChase  AcCpover  AcCCavg
fine-tuning 4.9M 4.18 0.01 87.63 43.82 11.2M 4.25 0.00 89.37 44.68
LwF [15] 9.50 5.54 88.53 47.04 9.50 5.46 90.30 47.88
iCaRL [23] 16.26 13.91 63.40 38.66 10.65 8.15 60.80 34.78
BiC [29] 30.30 27.55 85.20 56.38 31.50 28.75 86.60 57.68
WA [34] 51.33 52.33 31.40 41.87 54.79 55.17 47.20 51.19

DER w/o P [30] 9.8M 52.31 52.43 50.10 51.27 - - - - -
score fusion (ours) best-Accyy 8.6M 63.24 63.77 52.67 58.22 19.6M 69.45 70.01 58.13 64.07
score fusion (ours) best-balanced 62.15 61.49 75.37 68.43 67.36 66.61 82.37 74.49
score fusion (ours) best-Accavg 58.90 57.73 82.40 70.06 65.83 64.85 82.50 7517
score fusion (ours, fc-only) best-Accgy; 4.9M 62.65 63.56 44.53 54.05 11.2M 68.79 69.58 53.07 61.32
score fusion (ours, fc-only) best-balanced 61.01 60.81 65.07 62.94 66.76 66.50 71.83 69.17
score fusion (ours, fc-only) best-Accqyg 5791 57.24 71.57 64.40 65.89 65.49 73.77 69.63
joint learning (oracle) \ 4.9M 63.80 63.94 61.00 62.47 \ 11.2M 70.32 70.43 68.20 69.32

Table 2. Multiple novel steps disjoint-CIL with ResNet10, 500
base classes with ten 50-class novel increments, random class
split. For ResNet18, BIC and PODNet results are from [8], and
we use their experimental setup and 20/class memory constraints.

Network ResNet10 ResNet18
Method inc. acc.  Acelz !0 | inc. ace.  Accl7010
BiC [29] - - 4431 -
PODNet [£] - - 64.13 -
score fusion (ours) best-Accgy 62.70 61.45 67.48 65.66
score fusion (ours) best-balanced | 61.03 65.34 65.95 69.40
score fusion (ours) best-Accqug 55.31 66.23 61.06 70.67

benchmark as well, including PODNet [8] which proposed
the benchmark. DER w/o P [30] is a recent approach that
freezes the feature extractor of the base network and creates
an identical branch to learn novel features. While similar
to the proposed method, the architecture of the additional
feature extractor branch and the training objectives are dif-
ferent. In addition, they relearn the final linear classifier
with limited data, which we show is less effective in our ab-
lation studies (Table 3). Compared with existing CIL meth-
ods with the same backbone, the proposed method achieves
significantly better performance in both Accqy and Accgyg
and generalize well into multiple novel step scenarios.

For fair comparison, we also present our results branch-

ing at the classifier layer (“fc-only”) to bring our number of
network parameters on par with most compared methods,
ie. o, = ®, &, = &, = 0, and hy, = h,,. Our results
still outperform all compared methods, and interestingly,
our ResNetl0 results outperform others’ ResNet18 results
despite using fewer parameters.
Comparisons to fusion baselines. In Table 3, we explore
two lines of fusion methods in stage-II training, routing,
and score fusion. We show that our observations hold for
different backbones (ResNet18/ResNet50) and more novel
classes in supplemental.

Among routing methods, confidence-based routing has

Table 3. Disjoint-CIL analysis with ResNet10, 40 novel classes
using random class split. (Results for ResNet18/ResNet50 archi-
tectures and for 200 novel classes are in supplemental)

Method ‘ Accay ‘ Accpase AcCCnovel ‘ Accavg
confidence-based routing 41.58 | 39.26 88.00 63.63
learning-based routing W/ L,;_pq; | 58.69 | 57.97 73.17 65.57
oracle routing W/ L, pa; 58.57 57.48 80.50 68.99
FeatCat+RT 55.94 | 56.08 53.27 54.67
LogitCat+RT 58.36 | 58.56 54.30 56.43
LogitCat+FT 59.39 | 59.34 60.57 59.95

FA (ours) + BiC [29] 63.21 | 63.66 54.20 58.93

FA (ours) + WA [34] 62.77 | 64.19 34.30 49.25

score fusion (ours) best-Accyy; 63.24 63.77 52.67 58.22
score fusion (ours) best-balanced | 62.15 61.49 75.37 68.43
score fusion (ours) best- Accayg 58.90 57.73 82.40 70.06
joint learning (oracle) ‘ 63.80 ‘ 63.94 61.00 ‘ 62.47

the worst Accpgse, and around half of the base samples are
misclassified as novel. Learning-based routing improves
the result for Accpgse, and reaches a more balanced perfor-
mance. The oracle routing performance (trained on all base
and novel data rather than 10-shot) is also shown in the ta-
ble for reference, and it mainly improves in novel classes
and the gap in Accpqse remains.

We then compare the score fusion method with a set of
baselines in the proposed framework in Table 3. FeatCat +
RT retrains a linear classifier with features h; and h,, con-
catenated. LogitCat concatenates 10gits Zpgse and Zyopels
and retrains (RT) or fine-tunes (F7) the linear weights W,
and W,,. Since the original linear weights were already
trained using a large amount of data, retraining them from
scratch on 10-shot with feature or logit concatenation leads
to inferior results than fine-tuning the linear weights, as
shown in the table. This supports our idea of preserving
the weights of the original linear classifiers.

Next, we apply two score fusion baselines, BiC [29] and
WA [34], to our network (FA) after stage-I training. Both



Table 4. Disjoint-CIL with ResNet10, 40 novel classes using the
inanimate-animate split (wider base-novel gap). Score fusion can
generalize to fine-tuning more/less layers in stage-I if necessary.

Table 5. Overlapping-CIL results of style-changing splits (merge
similar classes into one). See supplemental for overlapping-CIL
with random and domain-changing split.

Trainable | Method | Accanr | Acchase  AcCnovel | AcCavg
layer3,4 score fusion (ours) best-balanced | 57.08 55.27 83.10 69.18
layer4 score fusion (ours) best-balanced | 57.12 55.50 80.37 67.93
layer4 (conv2 only) | score fusion (ours) best-balanced | 57.15 55.73 77.37 66.55

methods estimate a scalar to balance between the base and
novel logits, and they estimate it by validation data and
weight norms respectively. Using these methods with our
network preserves the base class performance better than
RT or FT methods, and FA+BiC on ResNetl0 even per-
forms similarly to ours (but not on ResNet18). Although
we note that using BiC and WA directly performs poorly as
shown in Table 1.

Robustness. To test the robustness of the proposed method,
we study score fusion with a larger number of novel classes
and deeper networks. Results of 800 base and 200 novel
classes instead of 40 and the results for different architec-
tures are in supplemental. The same trends in Table 3 hold.
Generalization. When the base and novel data are very
different, e.g. in Table 4 where we use the domain-changing
split (inanimate as base classes and animate for novel), fine-
tuning more layers in the first stage may produce higher ac-
curacy on the novel data. We show that our score fusion
generalizes to different ways of branching the network.

5.3. Overlapping-CIL

In practice, base and novel classes may not be mutually
exclusive. In this section, we study the overlapping-CIL
scenario where a subset of base and novel classes overlap.
As arecap of Section 5.1, we analyze five different ways to
split base and novel classes and samples within each class.
Unless otherwise noted, we test on ResNet10 with 800 base,
40 novel with 5 overlapping classes.

Table 5 shows the result when the style of the overlap-
ping classes changes from base to novel. We simulate this
by merging pairs of similar classes that are siblings in the
WordNet hierarchy [20, 28], and placing the two classes in
each pair into the base and novel split respectively. Com-
pared to average pooling, applying max pooling to the logits
of overlapping classes performs better in Accoy1p With little
drawback in Accp,se. Hence, in our score fusion results,
we adopt max pooling to fuse the logits. Confidence-based
routing performs the worst for the base classes. Our score
fusion achieves the best performance for both splits even
when the samples of overlapping classes are in a different
style from base to novel.

Due to space constraints, we show in the supplemental
results for the random base-novel-overlap split scenario and
the domain change (inanimate and animate, respectively,
and 5 inanimate classes as overlapping classes) scenario.
The conclusions are identical and our score fusion general-

Method ‘ Accay ‘ Accpase AcCnover AcCovlp ‘ Accang
confidence-based routing 40.70 | 38.17  86.97  80.00 | 68.38
learning-based routing W/ L,¢—pq1 | 59.14 | 58.63 7291 51.73 | 61.09
oracle routing W/ L.t —pai 59.57 | 58.83 78.63 51.20 | 62.89

logit concatenation (avg pool) | 63.39 | 63.63  64.57  40.40 | 56.20
logit concatenation (max pool) | 63.50 | 63.38 64.46 69.60 | 65.81

score fusion (ours) best-Accyy; | 63.81 | 64.35 53.76 56.13 | 58.08
score fusion (ours) best-balanced | 61.02 | 60.02 79.58 75.60 | 71.73
score fusion (ours) best-Accqg | 57.58 | 56.18 83.77 77.73 | 72.56
joint learning (oracle) ‘ 64.33 ‘ 64.28 62.06  76.80 ‘ 67.71

Table 6. Fully-overlapping-CIL with all 40 novel classes overlap-
ping with the 800 base classes, i.e. YV, C V.

Backbone | Method | Accan | Accrhase  Accovtp | Actang
ResNet10 pre-trained model 57.69 | 58.03 51.20 54.62
confidence-based routing 3543 | 33.01 81.50 57.25

learning-based routing W/ L,;_pq; | 52.82 52.12 66.10 59.11

fine-tuning 3.86 0.00 77.20 38.6

iCaRL [23] 20.23 | 19.77 28.90 | 24.34

RM [5] 21.10 18.12 77.70 4791

score fusion (ours) best-Acc,y; 57.82 57.80 58.23 58.02

score fusion (ours) best-balanced | 55.66 54.81 71.90 63.36
score fusion (ours) best-Accayg 53.42 52.28 75.13 63.70

joint learning (oracle) 47.63 | 47.32 53.60 50.46

ResNet18 iCaRL [23] 18.12 | 17.04 38.60 | 27.82
RM [5] 21.89 | 28.78 80.90 | 49.84

izes to both scenarios, with overlapping class samples either
randomly split or clustered.

Additionally, Table 6 shows an extreme full-overlap sce-
nario where all novel classes are overlapping with base
classes (random base-novel split, split overlapping classes
by clustering). This simulates the practical scenario where
one needs to adapt a portion of existing classes to a new
domain. We compare to prior incremental learning work.
These methods underperform due to changing the back-
bone network weights. Even Rainbow Memory [5] which
explicitly tackles fully overlapping classes, underperforms,
partially because it assumes the distribution of each over-
lapping class does not change. In comparison, our method
generalizes well to this scenario.

6. Conclusion and Limitations

In this work, we investigated CIL in the context of a
pre-trained model with large number of base classes. We
showed how branching can be an effective solution for
learning novel data when using a strong pre-trained model
and how it can preserve the learning with the old data. Fur-
thermore, we discuss a novel score fusion method that uses
both feature and classifier information from old and novel
networks and generates a unified classifier. This approach
leads to state-of-the-art results for CIL with large number of
base classes. Our method can further be improved by using
distillation approach to reduce memory footprint.
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