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What is missing to extend Dee
Learning to reach human-level AI?

* Generalize faster from fewer examples

ot bhottertransforlearalag, domain
hic forgetting in continual learning
cognition: system 1 vs system 2

lity from ing & consciousness

* Discover causal structure and exploit it
« Better models of the world, at both levels, common sense
« Exploit the agent perspective from RL, unsupervised exploration

* Probably other things we’ll realize in the future!
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My perspective on the future of Al

+ The creation of super-intelligent agents, and super-intelligent augmented
humans, will be an unalloyed good for the world

« It will probabily take decadas, and will continue for decades after that
It's & marathon.

= Full intelligent agents require learning from experience

- which is beyond LLMs, as magnificent as they are
as cuslomizable interfaces to all the world's knowledge

= We have entered a new Era of Experie ing reinforcement learning

but o realize its full power will require better deep-learning algorithms
(capable of continual leaming and meta-learning)
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NP Algorithm 1 Multi-layer Rehearsal Feature Augmentation
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E’:i,z = Zij] T+ AV L F (Eu)), I: Input: batch B, current model F;(x)
/_‘_\ 2: for z;,y; € Bdo

if ;. y; € M then (XXIEIEASHTIFIEER
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4 Sample [ ~ U{1, L}, 5 ~U(0.3)

5 L1s,i = AugmentedForward(Fi(x), x;. ;. [, 3)
7y 6: else

7

8

*C'cls,i — {(Ft(m?) yz)
. endif
“ 9: end for
10: 'CCIS — ﬁ Zi £cls,£
I l Output: L.
: function AugmentedForward(F (), x, 9. L, 3)
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(a) Input Space of Model 1 (b) Input Space of Model 5 (¢) Input Space of Model 9
I O.road 2 B (O.road
BN 4.elephant Tores B Sowillow_ tree
N 9.pear
l 9 forest
1% K )z
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Accuracy in each session (%) T

Method PD| APD
0 1 2 3 4 5 6 7 8 9 10
Finetune 68.68 43.70 25.05 17.72 18.08 1695 15.10 1006 8.93 8.93 8.47 60.21 +41.25
Pre-Allocated RPCT [52] 68.47 51.00 4542 40.76 3590 33.18 2723 2424 21.18 1734 1620 5227 +33.31
iCaRL [33] 68.68 52.65 48.61 44.16 36.62 2952 2783 2626 24.01 2389 21.16 47.52 +28.56
EEIL [] 68.68 53.63 4791 4420 3630 2746 2593 2470 2395 2413 2211 46.57 +27.61
Rebalancing [21] 68.68 57.12 4421 28.78 26.71 2566 24.62 2152 20.12 2006 19.87 48.81 +29.85
TOPIC [41] 68.68 6249 5481 4999 4525 4140 3835 3536 3222 2831 2626 4240 +23.44
SPPR [67] 68.68 61.85 5743 5268 50.19 46.88 4465 43.07 40.17 3963 3733 31.35 +12.39
Df:{:t:)uplf:-:l-I*Jf:gCosinf:Jr [26] 7496 7057 66.62 61.32 60.09 5606 5503 5278 5150 5008 4847 2649 +7.53
Decoupled-Cosine [45] 75.52 7095 6646 61.20 60.86 56.88 5540 5349 5194 5093 4931 26.21 +7.25
Decoupled-DeepEMD [57] 75.35 70.69 66.68 62.34 59.76 5654 54.61 5252 50.73 4920 47.60 27.75 +8.79
CEC [5¢] 75.85 7194 68.50 6350 6243 5827 5773 5581 5483 5352 5228 2357 +4.61
FAcCT 75.90 73.23 70.84 66.13 6556 62.15 61.74 5983 5841 57.89 5694 18.96
i -

« CUB200ZHEEEL 1001 ZE8{Ebase task, H&ZE549510

F EREISEAT10-way-5-shoti@ TR, MASBHISOTA AL
4.5%
| w3 o _— E
(z?) Balse session, 5 old classes & 5 {Iiu) lnc‘;ce:r;snlal lse:ssion, 5 old - iﬁ% E{‘]ﬁ'ﬁﬁ fl:l E—_I ( @) Eﬁ(&;imjj *E;_—:F:}: E%ETIEE{;:E%QEJJ .
virtual prototypes. ' classes new classes.
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SIS (exemplar set) : 2000MEEZ > 1RBIRER. FHEHHEE Yan etal. cvPR21)
[Wang et al. ECCV’22] [Wang et al. NeurIPS'22]

f(x) = W' Concat[$; (x), 2 (x), ... §p (x)]

]

RE. /,’&':,.:.IEl?I‘;"'Jq Xl ZRsri=Es
HEfISEHTZ MERLZ [BIRIFTNATLE

5o 050
2
N

@7t »

V) eN\\a .

5 T
g g

| B2 A RSHT WansZhou. Ve, Zhan FOSTER: Feature Boosting and Compression or Clss-lncremental Learning ECCV 2022,
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Exemplar-Based Method Model-Based Method MEMO

\ Specialized Blocks
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Model Buffer
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Shallow Features
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SCISISITE hdasac

CIFAR B0 Inc5  CUB BO Incl0 IN-R BO Inch IN-A B0 Incl0  ObjNet BO Inc10 OmniBench B0 Inc30  VTAB B0 Incl0

Method A Ap A Ay A Ap A Az A Ap A Ap A Ap 100
Finetune 38.90 20.17 26.08 13.96 21.61 10.79 21.60 10.96 19.14 8.73 23.61 10.57 34.95 21.25 - APER Best
Finetune Adapter [10] 60.51  49.32  66.84 52.99 47.59  40.28 43.05 37.66  50.22 3595  62.32 50.53 4891  45.12 = Bl SimpleCIL
LwF |54 46.29 41.07 48.97 32.03 39.93 26.47 35.39 23.83 33.01 20.65 47.14 33.95 40.48 27.54 é
SDC [111] 68.21 63.05 70.62 66.37 52.17 49.20 26.65 23.57 39.04 29.06 60.94 50.28 45.06 22.50 >
L2P [101 85.94 79.93 67.05 56.25 66.53 59.22 47.16 38.48 63.78 52.19 73.36 64.69 77.11 77.10 %
DualPrompt [100 87.87 81.15 77.47 66.54 63.31 55.22 52.56 42.68 59.27 49.33 73.92 65.52 83.36 81.23 S
CODA-Prompt [82] 89.11 81.96 84.00 73.37 64.42 55.08 48.51 36.47 66.07 53.29 77.03 68.09 83.90 83.02 8
CPP [55 85.21 78.64 86.60 85.27 64.33 60.74 53.70 40.70 60.44 49.92 71.52 73.26 85.92 84.30 <
LAE [24 92.47 BT7.62 83.13 77.78 69.05 63.17 57.19 46.41 62.28 50.57 73.80 70.63 86.14 84.39 %‘0

b
SimpleCIL 87.57 81.26 9220 86.73 62.58 54.55 60.50 49.44 65.45 53.59 79.34 73.15 85.99 84.38 ?
APER w/ Finetune 87.67 81.27 91.82 86.39 70.51 62.42 61.57 50.76 61.41 48.34 73.02 65.03 87.47 80.44 <
Aper w/ VPT-Shallow  90.43 84.57 92.02 86.51 66.63 58.32 57.72 46.15 64.54 52.53 79.63 73.68 87.15 85.36
APER w/ VPT-Deep 88.46 82.17 91.02 84.99 68.79 60.48 60.59 48.72 67.83 54.65 81.05 74.47 86.59 83.06
APER w/ SSF 87.78 81.98 91.72 86.13 68.94 60.60 62.81 51.48 69.15 56.64 80.53 74.00 85.66 81.92
APER w/ Adapter 90.65 85.15 92.21 86.73 72.35 64.33 6053 49.57 67.18 55.24 80.75 74.37 85.95 84.35
90 70
a0 80
80 0 u\’.\“‘\‘—_‘_‘.
= z 9 F70
<80 =10 <50 <
g g g g o0
3 3 60 = =
3 2 g4 3
< 701 o — VP 2 L . VP < I - VDT 2501 o — I VPT-
Lar ADAM w/ VPT-Shallow 50 L2P ADAM w/ VPT-Shallo L2P ADAM w/ VPT-ShalTow| L2P ADAM w/ VPT-Shillbw|
=+ DualPrompt - ADAM w/ VPT-Deep - —+#=Dual Prompt == ADAM w/ VPT-Deep 304 — DualPrompt o= ADAM w/ VPT-Deep =+ DualPrompt - ADAM w/ VPT-Deep
- SimpleCIL - ADAM w/ SSF ~&-SimpleCIL ~+— ADAM w/ SSF ~&-SimpleCIL ~—ADAM w/ SSF 404 ~*-SimpleCIL ~—~ADAM w/ SSF
60{ =¥ ADAM w/ Finetune ADAM w/ Adapter 401 = ADAM w/ Finetune ADAM w/ Adapter 2 =¥~ ADAM w/ Finctung ADAM w/ Adapter =¥~ ADAM w/ Finetune ADAM wi Adapter
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Number of Classes Number of Classes Number of Classes Number of Classes
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ImageNet-R CUB UCF
Method Exemplar B0 Inc20 B100 Inc20 BO Inc20 B100 Inc20 B0 Inc10 B50 Inc10
A Ap A Ag A Ag A Ap A Ag A Ag

Finetune X 137 043 101 088 206 064 056 047 451 159 121 080 80
Finetune LiT [75] X 64.88 3042 5775 29.77 S8I5 3528 5195 3596 7925 6484 8179 654 | | 100 _ _ .
Finetune CoOp [85] X 6073 3752 5420 3977 27.61 857 2403 10.14 4785 3346 4202 2474 & A m ol e
SimpleCIL [83] X 8106 7448 7684 7448 8381 77.52 79.75 7752 9044 8568 S88.12 85.68 <60 g -~ ZS.CLIP -+ MEMO 80 ® DuilPrompt  PROOF
ZS-CLIP [46] X 8337 77.17 7957 7707 7438 63.06 6796 63.06 7550 67.64 7144 67.64 ) ~—iCaRL  ——CoOp 1 _._'LC;PRL Ig;g% L 9
CoOp [85] v 8240 7620 7976 77.3 7734 6870 T409 6747 90.13 8624 8836 8571 2 40 o e et? 220 ~DualPrompt —4-PROOF'| % 601
iCaRL [47] v 7222 5438 68.67 60.15 8204 7474 7857 7507 8947 8434 8851 8411 < MEMO s proor’ | Z g
MEMO [82] v 80.00 7407 7672 7395 7732 65.69 7288 6641 8402 7408 8258 7548 5 e g 409
L2P [64] v 7573 6722 7415 7120 79.23 68.54 7585 71.12 8871 8393 8651 83.22 Z120 510 <
DualPrompt [63] v 7847 70.82 7298 69.18 8321 7494 7806 7427 8948 8541 8696 84.65 - 209
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20 40 60 80 20 40 60 80 Seen Unseen
Number of Classes Number of Classes
Method Text — Image (a) Unseen class accuracy (b) LAION score (c) As, Au, Aum
etho — - _
Rp@l RQ@l1 Rp@5 RQ@5 Rp@l0 RQ10
Finetune 3735 5133 6738 71.77 77.95 85.55
LY ’, ~
DER [69] 66.71 74.18 89.63 93.00 94.84  96.69 > 7_194\%;&%&%% J:H&? % B,E_ﬁﬂ'ﬁlﬁ\g
MEMO [82] 69.53 7635 91.89 9444  96.09 97.32 = X
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Task 5:
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“Thiee women in black outfits [ i I-l, J B I 1 I ; E l m | i Q
hold black umbrellas and signs - A woman in the blue sweater is i gy e riding it bikes ana Aman plays le guits
. while a man s tands by running through a brown field ke tral - Aman plays a purple guitar

abusy city street Y

- An old man in a suit is smoking are standig outsvte nolding unning towards each ofher in the down a street past a crowd of plaing the accordion t /\

a cigar and walking forward Sarbage bags grans peaple - A'man is on a golf course
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atang Y <y 8 street corner listening to music in between two downed opponents yeling . ple playing Y

~ Four people In casual clothing ~Two black and white dogs - A young woman riding a bike while sitting next to a man
a crowded city riding bicycles
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Pair-Wise Discriminative Features
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o has, O does not have: Encoder : @ -fusrwd mal i
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of hair a/t the end E‘::nggelr I::>
L]
3, + \) - v 3,
1 . — . 42| . .
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Zhou, et al., External Knowledge Injection for CLIP-Based Class-Incremental Learning. ICCV 2025

Hu, Li, Xie, Zhou. Hierarchical Semantic Tree Anchoring for CLIP-Based Class-Incremental Learning. CoRR 2025
Xie, Shi, Zhou. AREA: Attribute Extraction and Aggregation for CLIP-Based Class-Incremental Learning. ICML 2026
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