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Incremental learning
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[1] Zhou D W, Wang Q W, Qi Z H, et al. Class-incremental learning: A survey[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2024.



Incremental learning

Class Incremental Learning:

Definition 1. Class-Incremental Learning aims to learn from an
r T T =" " T T —/— | evolutive stream with new classes. Assume there is a sequence of B

training tasks I {Dl D2, ... DB } without overlapping classes,
where Db = ( X7 y2 )} is the b-th incremental step with ny,
training instances. X € Rﬁ is an instance of class yf e Yy Yy is
the label space of task b, where Yy, NYy = @ for b # b'. We can
only access data from D° when training task b. The ultimate goal
of CIL is to continually build a classification model for all classes.
In other words, the model should not only acquire the knowledge
SE— from the current task D but also preserve the knowledge from
_____________ W __ 1 formertasks. After each task, the trained model is evaluated over

all seen classes )V, = Y1 U --- Y. Formally, CIL aims to fit a
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External Knowledge Injection for CLIP-Based Class-Incremental Learning
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External Knowledge Injection for CLIP-Based Class-Incremental Learning

Task & Setting: Class Incremental Learning, CLIP

Motivation: Why clip? T 200
Kinetics700 552

(2) Create dataset classifier from label text

plane

A photo of Text
a {object}. Encoder

Y

(3) Use for zero-shot prediction

Image » I
Encoder

55T2
SUN3G7
UCF101
HatefulMemes
CIFARLO
CIFAR100
STL1O
FERZ013 )+ 2.8
Caltechl101 j§+2.0
ImageNet ji+1.9
OxfordPets |+ 1.1
PascalvOC2007 |+0.5
-3 Birdsnap
MMNIST
FGWVCAircraft
RESISC45
Flowers102
DTD
CLEVRCounts
GTSRB
PatchCamelyon
KITTI Distance
EurOSrAT i :
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l ' ' Zero-Shot CLIP vs. Linear Probe on ResNet50

2 photo of Figure 5. Zero-shot CLIP is competitive with a fully super-
a dog. vised baseline. Across a 27 dataset eval suite, a zero-shot CLIP

classifier outperforms a fully supervised linear classifier fitted on

ResNet-30 features on 16 datasets, including ImageNet.

[1] Radford A, Kim J W, Hallacy C, et al. Learning transferable visual models from natural language supervision[C]//International conference on machine,
learning. PmLR, 2021: 8748-8763.



External Knowledge Injection for CLIP-Based Class-Incremental Learning

Task & Setting: Class Incremental Learning,
Motivation: Visual features often contain fine-grained information, these
detailed descriptors are neglected when using CLIP class names “A photo of

a {label}” as matching targets.

PASCAL VOC 2007 Oxford-IlIT Pets
correct label(s): motorcycle correct rank: 1/20  correct probability: 99.69% correct label: Maine Coon correct rank: 1/37  correct probability: 99.99%

.~_

a photo of a persian, a type of pet.

~1{a photo of a bicycle.

- a photo of a car. a photo of a ragdoll, a type of pet.

a photo of a horse. a photo of a birman, a type of pet.

a photo of a dining table. a photo of a siamese, a type of pet.

0 20 40 60 80 100 0 20 40 60 80 100
[1] Radford A, Kim J W, Hallacy C, et al. Learning transferable visual models from natural language supervision[C]//International conference on machine;
learning. PmLR, 2021: 8748-8763.



External Knowledge Injection for CLIP-Based Class-Incremental Learning

Caltech101 Prompt Accuracy Flowers102 Prompt Accuracy
a [CLASS]. 80.77 a photo of a [CLASS]. 56.68
a photo of [CLASS]. 78.99 a flower photo of a [CLASS]. 61.23
a photo of a [CLASS]. 84.42 a photo of a [CLASS], a type of flower. 62.32
[VI1[V]2 ... [VIm [CLASS]. 92.00 [V11[V]z ... [VIm [CLASS]. 93.22
(a) (b)
Describable Textures (DTD) Prompt Accuracy . EuroSAT Prompt Accuracy
3o G a photo of a [CLASS]. 38.24 a photo of a [CLASS]. 22.30
a photo of a [CLASS] texture. 37.71 a satellite photo of [CLASS]. 31.12
[CLASS] texture. 40.72 a centered satellite photo of [CLASS]. 3153
[V]1[V]; ... [V [CLASS]. 62.55 [V11[V]; ... [Vl [CLASS]. 81.60

(c) (d)

Figure 1: Prompt engineering vs. context optimization (CoOp). The latter uses only 16 shots for
learning in these examples.

[1] Zhou K, Yang J, Loy C C, et al. Learning to prompt for vision-language models[J]. International Journal of Computer Vision, 2022, 130(9): 2337-2348,



External Knowledge Injection for CLIP-Based Class-Incremental Learning

Visual Encod #I# image knowledge injection unit u;(-) : R — R?, and max-
isua Inm er Prototypes l imize the similarity between augmented and vanilla input:
: milari s ~ ~
st @O @@ Silarity L; = —Sim (u; (7 (%)) , Gi (A(x))) . (6)
! {_/_ - l (Eq. 6)
Visual Encoder *——- .o
Expanding Injection Units Con;‘r ﬂ::iw
ery ——— (Eq.9) %
Aphotoof L. Textual Enmder*-—-* oo A5 AL >
@cat , o@w | -\ clsit & B M Fu,
‘ : Shared Similarity
Loss
Almond-shaped eyes with reflective pupils, I I (Eq.5)
Pointed, upright ears that swivel, = TEIWIII Eﬂfﬂdﬂ"*

Sleek, flexible tail used for balance,

u; with a linear layer, i.e., u;(-) : R — R, and append it
() On-the-fly Knowledge Injection | after the textual encoder. We have the similarity loss:

we seek help from GPT-4 [1] to provide discriminative vi-

sual features: l:t = —Sim (Ut (th (t«;)) ?,g_t (d?,)) , (5)

Q: What are unique visual features of [CLASS];
in a photo? Focus on the key visual features. 10
A: 1. Long, thin tail that aids in balance. 2.- - -




External Knowledge Injection for CLIP-Based Class-Incremental Learning

Method:
Visual Encoder *
) Prototypes l
Augmentation : Shared ‘ Q .O ‘ sz(l;;;:ty
! (Eq. 6)
Visual Encoder *—J/L D D .o ] 1

Contrastive

image knowledge injection unit u;(-) : R — R?, and max-

imize the similarity between augmented and vanilla input: f= A \
clsid I u; Fiu
L; = —Sim (u; (g; (x)) , Gi (A(x))) - (6) #71 3\%‘ EJ }J l;F t
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External Knowledge Injection for CLIP-Based Class-Incremental Learning

MFH e ‘"5 I.FI)I'I:LI- FUFL RAFLEED

A photo of
acat

‘ : Shared

Almond-shaped eyes with reflective pupils,
Pointed, upright ears that swivel,

Loss

(Eq.9)
—  Textual Encaderﬂ':lD D D .o l I
|

Similarity
Loss
I (Eq.5)

—  Textual Encoder *

Sleek, flexible tail used for balance,

(a) On-the-fly Knowledge Injection

we seek help from GPT-4 [1] to provide discriminative vi-
sual features:

Q: What are unique visual features of [CLASS];

in a photo? Focus on the key visual features.
A: 1. Long, thin tail that aids in balance. 2. - -

u; with a linear layer, i.e., u(-) : R — R9, and append it
after the textual encoder. We have the similarity loss:

L = —Sim (u¢ (g¢ (i), g¢ (di)) , (5)

FAclsT A B B Fou,
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External Knowledge Injection for CLIP-Based Class-Incremental Learning

Method:

Top k Prediction Results

1. <= A~

ot L‘-"""_“D_.‘-"%‘Ei“a .s Co 30" od gird
Query Calibration

\ (Eq.14)

Pair-Wise Discriminative Features

| 6 has, . does not have: Visual
among this label set. We again utilize GPT-4 to generate Pointed ears that are usually :>Enc0dﬂr
ir-wise discriminative features: right and expressive

pair-wise discriminati upright and exp Textual

Q: What are unique visual features of [CLASS]; o has, e does not have: Encoder

compared to [CLASS]; in a photo? Focus on their : : ——

Koy Vi : Stockier, heavier tail with a tuft

ey visual differences. of hair at the end
A: [CLASS];: 1. Long, thin tail that aids in bal- _—

ance --- [CLASS];: 1. Stockier, heavier tail with ) _ )
a tuft of hair at the end - - (b) Post-tuning Knowledge Injection
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External Knowledge Injection for CLIP-Based Class-Incremental Learning

EXperlmentI Dataset split: Following [52, 66], we use ‘B-m Inc-n’ to
split the classes in CIL. m indicates the number of classes
in the first stage, and n represents that of every following
stage. We follow [52] to randomly shuffle the class order
with random seed 1993 for all compared methods, and keep
this same for every method.

Table 1. Awverage and last performance comparison of different methods. The best performance 1s shown in bold. All methods are
initialized with the same pre-trained CLIF without exemplars for a fair comparison.

Aircraft CIFAR 100 Cars
Method B0 Incl0 B50 Incl0 B0 Incl( B50 Inc 10 BO Inc10 B50 Inc 10

A Ag A Ap A Agp A Agp A Ag A Agr
Finetune 316 096 1.72 1.05 7.84 444 530 2.46 3.14 1.10 154 1.13
CoOp [89] 1454 7.14 1305 7.77 4700 2424 41.23 24.12 3646 2165 3740 20.87
SimpleCIL [55] 5924 4809 5305 4809 B84.15 7663 B020 7663 9204 B685 BE9 B6.85
ZS-CLIP [50] 26066 1722 21.70 1722 8181 7138 7649 7138 8260 7637 7832 7637
L2P [66] 47.19 2829 4407 32113 8274 7303 B8l.14 7361 7663 6182 7637 6564

DualPrompt [65] 44.30 25.83 46.07 3357 8163 7244 BO12 7257 7626 6294 7688 671.55
CODA-Prompt [54] 4598 27.69 4514 3228 8243 7343 7869 7158 8021 6647 7500 64.19
RAPF [26] 50.38 2361 4047 2544 Bo.l4 TR.O04 8217 7793 8289 6285 7587 63.19
ENGINE 69.69 58.69 6438 5902 8692 7922 8315 7947 9414 208 9161 90.03
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External Knowledge Injection for CLIP-Based Class-Incremental Learning

Experiment:
ImageNet-R CUB UCF

Method B0 Inc20 B100 Inc20 B0 Inc20 B100 Inc20 BO Inc10 B50 Inc10

A Ap A Ap A Ap A Ap A Ap A Ap

Finetune 1.37 0.43 1.01 0.88 2.06  0.64 0.56 0.47 4.51 1.59 1.21 0.80
CoOp [89] 60.73 37.52 54.20 39.77 2761 857 2403 10.14 4785 3346 4202 2474
SimpleCIL [85] 81.06 7448 76.84 7448 8381 T7.52 7975 T7.52 9044 B85.68 B88.12 8568
ZS5-CLIP [50] 8337 77.17 7957 T71.17 7438 63.06 6796 63.06 7550 67.64 7Tl44 6764
L2P [66] 7597 66.52 72.82 66.77 7087 57.93 7564 66.12 8634 7643 8395 76.62

DualPrompt [65] 76.21 66.65 73.22 67.58 6989 5746 7440 64.84 8521 75.82 8431 76.35
CODA-Prompt [54] 77.69 68.95 73.71 68.05 73.12 6298 7395 62.21 87.76 80.14 83.04 75.03

RAPF [26] 81.26 70.48 76.10 70.23 7909 62.77 72.82 6293 9228 8033 9031 8155
ENGINE 86.22 80.37 83.63 8098 86.65 80.20 82.59 7930 9435 90.03 92.51 8958
SUN Food ObjectNet

Method B0 Inc30 B150 Inc30 BO Incl0 B50 Incl0 B0 Inc20 B100 Inc20

A  Ag A  Ap A Ag A  Ag A  Ag A Ap

Finetune 4.51 1.59 078 0.72 3.49 1.71 2.14 1.52 1.34 047 0.69 0.54
CoOp [89] 4593 23.11 3933 2489 3601 14.18 33.13 1867 2124 6.29 1621 6.82
SimpleCIL [85] 82.13 7558 7T78.62 7558 8789 8165 8473 8165 5206 40.13 4511 40.13
Z5-CLIP [50] 7942 7211 7495 7211 8786 8192 8475 8192 3843 2643 31.12 2643
L2P [66] 8282 7454 7957 73.10 8566 7733 8042 7313 5140 3939 4891 4283

DualPrompt [65] 8246 7440 7937 7302 8492 7729 8000 7275 5262 4072 4908 4292
CODA-Prompt [54] 8334 7571 8038 74.17 86.18 78.78 8098 7413 4649 3413 4057 34.13
RAPF [26] 82.13 7247 78.04 73.10 8857 8115 8553 81.17 4867 2743 3928 28.73
ENGINE 85.04 78.54 8157 7845 8981 8389 B86.89 839 5911 4519 5132 4499

15



External Knowledge Injection for CLIP-Based Class-Incremental Learning

Visualization:

O O T e

L S L S R
Figure 6. Left: Input. Middle: Top-5 predictions before post-
tuning knowledge injection. Right: Top-5 predictions after post-
tuning. More cases are shown in the supplementary. 16



Integrating Task-Specific and Universal Adapters for Pre-Trained Model-based Class-Incremental Learning

Integrating Task-Specific and Universal Adapters for
Pre-Trained Model-based Class-Incremental Learning

Yan Wang, Da-Wei Zhou'™, Han-Jia Ye
School of Artificial Intelligence, Nanjing University
National Key Laboratory for Novel Software Technology, Nanjing University
{wangy, zhoudw, yehj}@lamda.nju.edu.cn
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Integrating Task-Specific and Universal Adapters for Pre-Trained Model-based Class-Incremental Learning

Task & Setting: Class Incremental Learning, Pre-Trained Model
Motivation: Concentrate on the acquisition of task-specific knowledge and

ignore the general knowledge shared between different tasks

18



Integrating Task-Specific and Universal Adapters for Pre-Trained Model-based Class-Incremental Learning

Method:

Flatten

wi
* v [z = Predictions
'KF'usJe wi

e : - wi, |:> 11'2 “T=T: — " ﬁaﬂ}ftpr:rfﬁ: ﬁﬁi‘:—u;!g'm_:lstr':
}1 , ||‘.|I"IZ'I O FEOR e ic teon
n? {]rr ogona e -

Training Stage Fusing Stage Inference Stage

Wi, Wi : Lagits Lagits
Class 3 up up we, E:> r
Push L B |4 |3 " e s 3 -
st o i | e (il i)
' i o
- Orthogonal <54, stmaf 2l I W owh, Wi, wg!
* T R s . PFTM™ -
= ; . i G) Adapter Woinen Wi L —_—
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PT™M . {!'. st
Class n 'L 'th- ":ﬁ- _uﬂn! I:>
w7 | B 7 ra o 5 -;

Figure 1. Ilustration of TUNA. Left: The training protocol of TUNA. We use orthogonal loss to train task-specific adapters. Middle:
The fusing process. We construct an aggregated sign vector and a magnitude vector, which are combined to form the universal task vector.
Right: During the inference phase, we select the most appropriate task-specific adapter based on entropy, and then combine the outputs
from both the task-specific and universal adapters.
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Integrating Task-Specific and Universal Adapters for Pre-Trained Model-based Class-Incremental Learning

Method:

via residual connections. An adapter comprises a down-

L ] L ]
Tralnlng S tage projection layer W, € R%*”, a non-linear activation
1

function ReLU and an up-projection layer W,, € R"*%.
The output formula of the MLP layer is formulated as fol-

Wi :
Class 1 up Push lows:
Class 2 wh o x, = MLP(x;) + ReLUXWaouwn)Wup,  (4)
Orthog{] n ﬂl where x; and x, are the input and output of the MLP, re-
2
Class 3 Wap
Class 4 Push -
‘zlm '\ o:r‘th — Z H ’ (6)
Orﬂ’lﬂgﬂﬂﬂl ff;ush where ||-||, represents the L; norm. The up-projection
Wip Wi, Wip

20



Integrating Task-Specific and Universal Adapters for Pre-Trained Model-based Class-Incremental Learning

Method:

Fl atten FuSIng Stag e across all task-specific vectors. This is done by taking the

Wl 1 sign of the sum of the corresponding parameters:
¥ [> V|5|4a|7 . -5

Wi on . L
s'™ = sgn Zv?‘ : (8)
2 .
Wap |:> vi[7]s]s] -+ [« =
Waown

where sgn(-) denotes the sign function. For each parame-

Wl'p T B35
’::> v |g|9|ls3| --- |3 -
T
H'rdm ??5_
==
7 701
Suﬂi _-1 '] '] . . -'1 E
= . = 651 Baseline
Universal :
O <60l wi entropy-based s
uni — ﬂdﬂptff —=— w/ orthogonal loss
€ 718 7 e > 31 —— w/ universal adapter
& W 20 50 100 150 200
vuni p E> Number of Classes
T8z -0 |- puni
down

(a) Ablation study
21



Integrating Task-Specific and Universal Adapters for Pre-Trained Model-based Class-Incremental Learning

Method:
2.2
Inference Stage
:h2.4 1s
Predictions g2 e
= 2.0 5
Task-specific Task-agnostic 18] i
prediction rediction " i
048 050 052 054 056 058 "0T08 om0 072 074 076
Lo g; ts Lo 31 ts Accuracy (%) Accuracy (%)
[ } (a) ImageNet-A BO inc20 (b) ImageNet-R B0 inc20
e
‘l - ‘ Figure 2. Relationship between accuracy and entropy.
PTM L PTM ahd n
B B B W: HX) = — Xiz; p(x;)logp(x;)
‘ [ ‘ y* = arg max (fy(x: A*) + fy(x: Auni))
Yy

22



Integrating Task-Specific and Universal Adapters for Pre-Trained Model-based Class-Incremental Learning

Experiment: ViT-B/16-IN1K and ViT-B/16-IN21K

Table 1. Average and last performance comparison on four datasets with ViT-B/16-IN21K as the backbone. We report all compared meth-
ods with their source code. The best performance 1s highlighted in bold. None of the methods utilize exemplars in their implementation.

CIFAR BOInc5 ImageNet-R BO Inc20 ImageNet-A B0 Inc20  ObjectNet BO Inc20

Method A Az A Ag A Ag A Ag
L2P [50] 85.94 7993 T546 6977 4939 41.71 63.78 52.19
DualPrompt [49] R7.87 8l.15 73.10 67.18 53.71 41.67 59 27 49.33
CODA-Prompt [43] 8011 8196 77197 T2.27 53.54 4273 6607 53.29
SLCA [58] 92.49 BB S5 B1.17 T7.00 6R.66 58.74 T2.55 61.30
SSIAT [45] 9352 90.07 8320 TR.BS T0.83 62.23 T3.65 62.45
MOS [44] 93.30 RO 25 B206 T7.93 67.08 56.22 T4.69 63.62
SimpleCIL [64] B7.57 8126 6126 54.55 5977 48.9] 65.45 53.59
APER + Adapter [64]  90.65 B5.15 T582 67.95 60.47 4937 67.18 55.24
RanPAC [37 94.00 o0 .62 8208 T7.94 6932 61.82 T2.76 62.02
EASE [65] 91.51 85 80 81.74 T6.17 65.34 55.04 TJ0.84 57.86

TUNA (Ours) 9444 90.74 #4122 79.42 T3.78 64.78 T6.46 66,32

23



Integrating Task-Specific and Universal Adapters for Pre-Trained Model-based Class-Incremental Learning

Experiment: ViT-B/16-IN1K and ViT-B/16-IN21K

- T 10 90
=3P = TUNA
o a0 == [hzal Framg —a— RIS 1]
al 1.421 = SampleCIL - SSIAT
—- —_ —_ ADAM-Adapier 8= RanPALC T
£ w = &l i L LA -Prompl  —#—510A —
o 1y T Q‘m
£ T E il g Rl g
B - LIP - TUNA B - LIF NA H 2 gp] =12 4= TUNA
2 g w-DunlPrompr  —e=MOS < B eDustbrompt MO = 60 M - DwlPromp —=-MOS
- Sl - 5SIAT —#-SKimplel L - S51AT o == SimnpleCIL =a-S5IAT
9 ADAM* Adapter -8 EKanPAC 3 ADAM tAdapior 8= RanPaC 0 40 ADAM +Adapter -8 RanFAC
’ F-CODA-Prompt =s=S5LCA = C00A-Promps =e=5LCA - CODA-Prompt —=5L{A
411 40 in - - -
20 Ml 5l B | Sl L 1 50 s 1] 50 1M | 500 i} 0 1EHE 130 20
Mummber of Classes Mumiber of Classes MWumber of Classes Wumber of Classes
(a) CIFAR BO Inc5 (b) ImageNet-R BO Inc20 (c) ImageNet-A BO Inc20 (d) ObjectNet BO Inc20

Figure 3. Performance curve of different methods under different settings. All methods are ininalized with ViT-B/16-IN1K. The relative
improvement over the second-best method 1s annotated with numerical values above the curves at the final incremental stage.
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Integrating Task-Specific and Universal Adapters for Pre-Trained Model-based Class-Incremental Learning

Visualization:

n S0 AR a0 ( s
\\0 B.gﬁ{ q«iﬁ,}%ﬂ\ ‘b\.&- 1&-{"6 < ‘Go\e\ NG iﬁa
& Rges™ o™ S
0 "E-D
-:su 25?' i - e \g‘-‘* Ay
o:.x Q@p ;}?‘ o ?e@.gﬂ Du‘é; @:-'Q"‘ \b %a“

Figure 7. Visualizations of the predictions on ImageNet-R. The
original images are depicted in the first column, followed by the
top-3 prediction probability produced by task-specific adapter, and
the probabilities generated by the universal adapter in the last col-

umn. The ground-truth class i1s highlighted with red boxes.
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