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LEPT5 [140], B-CL [79], ELLE [142], AdapterCL [117], RMR_ DSE [92], DEMIX [44] , CLASSIC [77],
PLMs-based DIL (§5-1.1) fp otx [25), CPT [74], C-PT [232], CLKD [19], PlugLM [26], AEWC [50], DAS [78]

Domain-Ti

Learning (§5.1)

Task-I I

[ ] COPF [214], LAMOL [166], RVAE_LAMOL [179], Adapt-Retrieve-Revise [220], Lifelong-MoE [24],
LLM-based DIL (§5.1.2) DACP [198], CPPO [215], EcomGPT-CT [114], LLM-CL [36], AMA [97]

—(VLMs—based DIL (§5.1.3) J—[S—Prompt [186], VQACL [217], SC-MLLM [101], DIKI [168]

PLMs-based TIL (§5.2.1)

PP [149], CTR [76], MeLL [178], LINC [99], ERDA [139], PCLL [223], BilHNet-Reg [70], ConTinTin [204],
HMI [118], ACM [219], DYNAINST [127], Conure [210], TERACON [83],
EMR [180], ERNIE 2.0 [167], RecyclableTuning [141], RecAdam [23]

Offline Continual
Learning (§5)

Learning (§5.2)

Class-Incremental
Learning (§5.3)
Hard Task
Boundary (§6.1)

Online Continual
Learning (§6)
Blurry Task
Boundary (§6.2)

[ ] Conpet [165], InstructAlign [15], Continual-T0 [158], DynaMind [39], ELM [64], O-LoRA [184], JARe [135]
LLMs-based TIL (§5.2.2) Robocoder [95], Eureka [115], COPF [213]

VINs-based TIL (§5.2.9) )| Medical AT [203], CTP [231], ZSCL [226], MoE-AdaptersdCL [207], TRIPLET [137], AwoForget [225],

PI [188], IDBR [61], PAGeR [174], ENTAILMENT [197], ExtendNER [128], PLE [94], DE&E [193],
SRC [104]

e G
et 000

SND [208]
PLMs-based CIL (§5.3.1)
(oE-AdaptersdCL [207], VLM-PL [82], Adaptation-CLIP [105], PROOF [229], LGCL [81], ZSCL [226),

M
VLMs-based CIL (§532) | o Ap [68], GMM [17], RAPF [60], STAR-Prompt [124], DIKI [165], SND [20], AwoForget [225]

PLMs-based HTB (§6 1.1)}—{MBPA++ [33], Meta-MBPA++ [189], OML-ER [55], TPEM [44], CID [103], ProgModel [163]

VLMs-based HTB (§6.1.2))—[PEGP [138]

PLMs-based BTB (§6.2.1)]—[MBPA++ [33], Meta-MBPA++ [189], OML-ER [55], TPEM [44], CID [103], S6 [93]

)
)
)
)
)
)
)

VLMs-based BTB (§6.Z.Z))—[DKR [30], SIT [181], OLiVia-Nav [130], G-NoCL [160]

EasyCL (https://github.com/ECNU-

EASYCL (fcaLk S

Continual Learning for
Large Language Models

ZIRASS . EEB KA EEREFHE,
FFTRMELERFEFIHIE,

Y Yang, J Zhou*, X Ding, T Huai, S Liu, Q Chen, L He, Y Xie. Recent Advances of Foundation Language Models-based Continual Learning: A Survey. ACM Computing Survey, 2025.
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“Formal training is the tip of the iceberg. The real learning happens
below the surface, through experience and relationships.”

Lombardo, Michael M; Eichinger, Robert W (1996). The Career Architect Development Planner (1st ed.). Minneapolis: Lominger. p. iv. ISBN 0-9655712-1-1.
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Github: https://github.com/ECNU-ICALK/ELL-StuLife
Webpage: https://ecnu-icalk.github.io/ELL-Stul.ife/

(a) The Lifelong Learning Process

K ledge Refi t
(c) Knowledge Refinemen I"__ 4}

Long-term
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Select Effective
Knowledge
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Reasoning
f‘ Observe Task &
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Knowledge
% Validation
Environment
Evolve !! Update Knowledge
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Cai, Yuxuan, Hao, Yipeng, Zhou Jie, et al. "Building Self-Evolving Agents via Experience-Driven Lifelong Learning: A Framework and Benchmark." arXiv preprint arXiv:2508.19005 (2025).
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Cai, Yuxuan, Hao, Yipeng, Zhou Jie, et al. "Building Self-Evolving Agents via Experience-Driven Lifelong Learning: A Framework and Benchmark." arXiv preprint arXiv:2508.19005 (2025).
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Cai, Yuxuan, Hao, Yipeng, Zhou Jie, et al. "Building Self-Evolving Agents via Experience-Driven Lifelong Learning: A Framework and Benchmark." arXiv preprint arXiv:2508.19005 (2025).
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(a) The Evaluation Paradigm

'From Imitation to I.earnlng;
(Skill Learning)
Advisor

Please book an available room
atthe STEM Library for me on
Week 2, Monday, 10:00.

Agent
Let me check the availability.
Action: Query_Availability
("STEM Library", "Week 2,
Monday, 10:00")

Environment
Available rooms: B0O1
Agent
Okay, Let me book this now.
Action: Make_Booking

("STEM Library B0OO1", "Week 2,
Monday, 10:00")

] J
I I
I I
I I
1 1
1 I
I ]
1 1
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1 |
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1 ]
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I 1
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I I
1 I
1 I
1 I
I I
1 I
1 I
1 I
1 I
1 ]
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1 Environment
1
\ @ Booking successfull

From Context to Memf;m,tr
(Long-term Memory)

Environment
Current date: Week 5, Monday

Teacher
Okay, in this class we will talk

about Integral, ......

Agent performed many other tasks
—— Environment
Current date: Week 17, Friday

Teacher
What was the topic of our class

on Week 5, Monday?

Agent <oy
We mainly talked about Integral! r‘,E 7

I
I
I
I
I
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I
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I
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"From Passive to Proactwe )
(Self-Motivation) :
’I f
I
1
I
I

Environment
Current time: Week 2, Monday,
%

08:00,

Agent

Oh, it's Week 2, Monday, 08:00.
Let me remember if there are any

tasks | should do this time.

Agent
Oh, it's Week 2, Monday, 08:00.

| remember | have a math class
today, so | should leave now!

Agent
| remember that math class was
held in the Main Lec Hall I'll go

now.
Action: Walk_to("Main Lec Hall")

MEREF3)

(b) ELL in StuLife Bench

4 I
Make
Reservation

"As a student,
You should..."

Knowledge

"In calculus,
We define..."

Activities
Organization

M ETF3cEHRT

MBI E Zh

v

Cai, Yuxuan, Hao, Yipeng, Zhou Jie, et al. "Building Self-Evolving Agents via Experience-Driven Lifelong Learning: A Framework and Benchmark." arXiv preprint arXiv:2508.19005 (2025).
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Core Scenarios Interconnected Scenarios |#Num #Avg Len #Max Len #LTM #Self-Motivat

LifelongAgentBench Self-Evolving

Regulations Learning 70 9125 9969 23 70
In-Class Core Course Instruction | 416 9203 10368 129 416
Total 486 9191 10368 152 486 F{ES: E5zBaEEHERm
Campus Exploration 75 2921 3006 25 25
Initial Course Selection 150 3136 3420 50 0
Preliminary Planning 50 3069 3133 50 0 Z S . N i \l-u
Daily Campus Academic Activity 72 3193 3466 22 22 iﬁ 'LC 'J:' T i ¢ 96 ’ f Eﬁi |$$€A
Library Study 151 2080 3068 50 50
Club Activity 140 2981 3124 45 45 . - s —_ —_
Total 637 2883 3466 242 142 EFHEIR: KEHESHEIMNIT (RZA
Midterm Exams 80 3264 3520 80 0 X /7))
Examination Final Exams 80 3507 3686 80 0
Total 160 3386 3686 160 0
Total Total | 1284 5792 10368 554 628
Datasets Task Type Seq SkilL LTM SelfMotivat Real Interconnected Interact LfE
Lifelong-CIFAR10 CL oo X X X X X X X
Lifelong-ImageNet CL oo X X X X X X X
CGLB CL v X X X X X X X
EgoThink Embodied AI X X X X v X X X
EmbodiedBench Embodied AI X X X X v X v v
AgentBench Agent X X X X X X v X
LoCoMo Agent X X 4 X X X X X
StoryBench Agent oo X v X X X v X
 / X X X X v v
 / v v v v v v

StuLife (Our)

ELL
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StuGPA LTRR PIS

In-Class

Success AvgTurn Success AvgTurn Success AvgTurn Success AvgTurn

Daily Campus

Exam

Total

Llama-3.1-8B# 5.81
Qwen3-8B% 13.31
Qwen3-30B-A3B®®  16.30
Qwen3-32B% 7.36
Qwen3-32B®® 12.67
QwQ-32B% 13.21
DeepSeek-V3® 11.22
DeepSeck-R14® 14.25
DeepSeek-V3.1% 14.26

DeepSeek-V3.18%°  17.04
Qwen3-235B-A22B®  16.03
Gemini-2.5-Pro®® 16.43
Grok4® 17.38
GPT-5° 17.90

3.30
4.33
5.05
3.97
5.42
5.78
6.14
8.30
4.51
6.14
5.42
7.04

0.90
0.54
0.72
0.54
1.26
3.42
2.88
3.96
0.54
3.78
1.80
3.24

10.65 4.50

6.50

4.68

0.90
0.90
0.60
0.60
1.80
4.79
3.39
3.09
0.90
6.29
2.10
3.38
4.79
7.78

61.34
10.12
9.45
7.80
8.31
1.2
5.84
8.04
14.03
9.83
18.71
14.94
6.31
12.70

0.00
8.31
10.79
2.25
7.64
6.97
6.74
13,26
12.81
12.58
10.34
18.88
21.80
14.16

35.91
10.25
11.75
1379
10.74
13.25
11.87
13.02
12.62
13.03
1747
12.78
11.25
14.31

10.63
14.38
17.50
13,13
17.50
16.88
16.25
18.13
15.00
17.50
16.88
15.63
18.75
16.88

28.46
6.31
5.46
4.88
4.94
4.52
4.26
4.56
6.78
5.54
10.75
9.51
3.69
6.24

213
6.71
8.31
3.51
7.24
7.88
7.24
11.18
8.95
11.18
8.52
13.53
15.23
1255

494-7612 O StuGPA = 20% Daily +

10.09 30% In-Class + 50%
10.41

10.06

1%6048 O LTRR: {KHAIEIZ1ESH 3K

12.43 %

10.88
% O PIS: EMES LHR
8.68
12.69

O Bl{E 2R &2 bY1EE (GPT-5) #£ Stulife L54{¥k 17.9/100
O ®RTHAEAIS ALKFBEEFI 2 BFEE KA.
O B RBEKEICIZIREFN B FH IR T A F EFER ARG

Cai, Yuxuan, Hao, Yipeng, Zhou Jie, et al. "Building Self-Evolving Agents via Experience-Driven Lifelong Learning: A Framework and Benchmark." arXiv preprint arXiv:2508.19005 (2025).
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In-Class Daily Campus Exam Total

SmGPA LTRR PIS Success AvgTurn Success AvgTurn Success AvgTurn Success AvgTurn

Vanilla

Qwe113—235B-AZZBE%g 16.03 |5.41 1.80 |2.10 18.71 10.34 | 17.17 | 16.88 | 10.75 8.52 16.95
Proactive

Qwen3-235B-A22B* 16.90 5.9({ 3.06 |5.09 16.70 1034 16.38 16.88 7.73 9.58 15.42
Skill

Qwen3-235B-A22B* 1728 6.86 0.90 1.50 16.89 | 1528 | 16.51 17.50 9.28 10.76  15.75
Memory

+VanillaRAG 1098 4.69 0.18 000 17.87 584 1420 1625 1004 554 15.07
- +GraphRAG 1534 4.87 072 090 20.68 10.11 14.03 16 1061 7.88 16.13
Qwen3-235B-A22B™ | NroGPT 1999 6.86 1.44 240 1728 13.03 1359 | 2375 | 9.02 1108 14.42
+ MemoryBank 17.64 596 1.62 090 1668 1236 14.15 804 958 1435

All-in-One 21.07 |9.39 3.76 2.69 16.82 17.75 1565 2563 6.30 13.74 14.93

O /it B E X Tz A LR &2 SEE R 1ERE(16.03 -> 21.07)
O %A Proactivei AR SRE 3% (PIS 1.80->3.06)
O ISkl SRE R gEEHeE 1 (Daily Campus 10.34-> 15.28)
O Memory#l & 384 gEF MR X (Exam 16.88 -> 23.75)

Cai, Yuxuan, Hao, Yipeng, Zhou Jie, et al. "Building Self-Evolving Agents via Experience-Driven Lifelong Learning: A Framework and Benchmark." arXiv preprint arXiv:2508.19005 (2025).
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—f 1. Decision making ]—‘
A ) )] 7
You are in the middle of a room
l\l\ =] {a) Task [...] Pamk: clean some pan and put
1 it in countertop.
[oon])

{b) Astien:take panl from stoveburnerl
Trajectory | Cb=: [---]
Aotion:clean panl with sinkbasinl
Cha :Nothing happens. [...]

O EEAXSALLUEAFIES
O RIEEIES KE—EFRE L3Rk reward #HEL o) 8 b

Rile/IM Heuristis:
Hallucination.

—

{inernal ! extemal)
{ (2) AlfwWorld /—[ (2b) ReAct (Reason + Act) (d)
= Reflection
You are in the middle of a room. Looking quickly around Act 1: Think[First I need toc find a pepper shak
you, you see a cabinet 6, a cabinet 1, a coffee machine 1, likely to appear in cabinets (1-6), countertops )
a countertop 3, a stove burner 1, and a toaster 1. Act 2: Go to cabinet 1
Your task is to: Put some pepper shaker on a drawer. Obs 2: On the cabinet 1, you see a vase 2. (&) Naxt

{(Here the agent go to cabinet 1, then cabinet 2, 3, then counte T r!. | obs You put the pan 1 in
[ 1: a 1 (2a)} BotzOnly N | Act 6: Go to countertop 3 countertop 1.
Aotz (o B0 crowen : Obs 6: On the countertop 3, you see a apple 1,
Obs 1: The drawer 1 is ¢loged. || | a pepper shaker 1, and a vase 3.
Reti2s: opem draper il i . Act 7: Take pepper shaker 1 from countertop 3
Obs 2: You open the drawer 1. The drawer 1 is open. In it, Obs 7: You pick up the pepper shaker 1 from the countertop 3.

you see a dishsponge 2, and a spoon 1.
Act 8: Think[Now I find a pepper shaker 1. Next, I need to

Act 3: Go to sir.lkbasirll 1 ] put it in/on drawer 1. ]
Obs 3: On the sinkbasin 1, you see a dishsponge 3, a Act 9: Go to drawer 1
spatula 1, and a spoon 2. Obs 9: Drawer 1 is closed.
Act 4: Take peppershaker 1 from sinkbasin 1 Act 10: Open drawer 1
Obs 4: 5 Obs 10: You open Drawer 1 ..
Act 5: Act 11: Put pepper shaker 1 in/on drawer 1
[ oms 5 . X | ((ove 11: bt senses shakee woun/on erezmmemin /)
S

ReAct: Synergizing Reasoning and Acting in Language Models, ICLR, 2023
Reflexion: Language Agents with Verbal Reinforcement Learning, NeurIPS 2023
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You should do
these steps.
=

Era of Human Data
(Imitation Learning)

K Scalable Data
J Reward-Free

What if | do this
step instead?,

S .

Early Experience
(Ours)

Try many steps...
only a reward at

last!

Era of Experience
(Reinforcement Learning)

\/ Scalable Data
+ Reward-Free

\/ Scalable Data

O AR ZY R, sB2L=F S rewardi& i,

A — a3k

Implicit World Modeling (IWM):

&

L

AR AR TS KRB INME RSB P BRRAE

¥ Requires Reward O Self-Reflection (SR) . & L\EMK ttiﬁ%%

Expert Trajectory g Sj S g Bj] % E Ela E,] *é'f ;:,FI_:E}EEIL.\QE%E

‘a\:Iti:rf:lzlti\’t;;\cti‘::lns al ’ a' : a al ﬁq:** , I_*?J jj 1.1_ % 1:% E{j[—l .

ReSlllﬁﬂg o Sl al Sz al S3 % s4 Imitation Learning +GRPO Implicit World Modeling +GRPO
Implicit World Modeling Self-Reflection

100 4
Stage 1: World Modeling

. 3 92:2 91.4 91.4 G bt . 96.9 777 or.7 8
Stage 1: Data Construction 89.8 89.8 89.8
84.4
i "o\ 82.0 80.5 ? 93.8
What happens if a’]? j N g0 | 3 92.2 "
_ ¥ 2 £ 90
] 4 i ~ 62.2 ~
a < .
LLM P( Sl | S] g ! ) :] F‘ @ 60 e o 56.2 B % oo il Ea LR
: » LR ¥ Sle § 47.3 § gt o
Stage 2: Continual Training Stage 2: Training @A a8 @ 80
40 B 78.1 78.1
—59
q°° i; P(axl Sl ) e e LLM I)(C1 a‘l S, ) e e —_— - ‘ : _— —
. — ? N () -3238 @ -2578 () -3.1-8B () -32-38 @ -25-7B () -3.1-8B
=4 L4

Agent Learning via Early Experience, 2025, Meta

(a) WebShop (b) AlfWorld
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_ Agentic RL Implementations

RL Interna]nze l

_» Features for Agentic RL &' GRPO 1 INFORCE S+

"7y Features for LLM RL

Jy1 paro 5
L SEEQ @cme E"VG“_‘ _______ DeepSeek R1, OpenAl 01/03, o
Code —"I)ynamlc Qwens, Claude-3.7/4-th1nkmg,: RL-trained Token-level
Interpreter GLM Z1, Doubao, ... : M
-~ #™ Search Math AlfWorld  gciworld : ranker 2l emory

RL-based Test-time Scaling ,

&7 Engine Caleulator & = GAIA BrowseComp

RL-trained self memory update
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Dlscovery @/
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mKimi @ Browser - .\ gspo ARPO \ Verified T~ ~. Think’Twice... i 3 I' .E/[emAgent -7 -
) o .- : N\ : < s i MEM: -
R1 Editor .- % & U Staic ~ - % P
S'/' ol Searcher o . ) GSMBK, Tool- ~~+ . - 'v bal Self
I Sehrcht Lo : o MATH, 4 dRL < Memory W S
@ g . e & MMLU ... integrate: s L0 correction
OpenAl 03 I o s, N -~ . P A Reflexion, Self-
, ] emAgent |, e + [ g . &y S ) Search Engine -7 3
i %) 7 - Y .;,chﬁv—gR e 4 z . 1 refine, CRITIC ...
;B cicro Optimal P earch-R1, R1- ' \ .
%; ' I Tool Calling i Searcher, ReSearch ... 1 ﬁ. £ 'I Internalizing
: 5 : Ragea( 1 Sefl-correction
: - ! gent (S, @y 1 1
Folpreron U e ense, s, Iea-l,'ned)ur A‘g:‘LN:;L & Codettermreter | o) | RL empowers | Self | e swppThe
: v inte en i i » 1
: mediate reward) (direct feedback) Reward g%‘eghpf %ea.?u?n%u‘ \ Use Agentic LLM Improve
. st Al T i by L sy y Self-Training
‘ 5 G. Browser Use \ S« _ ¢ s Absolute s
."’6 . Fast/Slow Evaluate ' (%5 S 7 S SiRius
Reasoning ../ Query Reflect  Update T P S ero
el thinking’ % . Generate i :::: Web @ Vision ﬁll{l;O, GUI_Gl" ol 4 AR RL
>y o . — \‘ Navigate S Communicate ’, -Ri, ... w - e \ Perceptmn Plannlng 1 RL as ~. »
E anning Internal Driver \ : Code ." 2 Robot - i @ Image e : it Interna] Dl'lVel: N
\ > E o = - Sl - 1 ot i ~
SME Structured / Action DeepEyes, PyVision (55> = ==1-=="  (Embodied) Plan-Seq-Learn
dElf Memory vrzra \ a
=L ) Unstructured 10 . 2 Q; " Team VisionThink, Dyfo, ... » | Video i (Tool) ToolPlanner
- . Text Agenﬁc Environ- ¥ Video—m, Open-Ri1-Viedo, : (Recsys) BiLLP
m Perception Image/Video LLM t AR DeepVideo-R1, VedeoCap-R1, ... ,
AW Reward Al Math il Market I Andi ! External Guide
@ Tool Uge Ieokintergrated ,' Optimizing Dynantic I| e : MCTS
Ry ing (TIR) * DAPO +5 i- 2
bt B ppo  SImPO ProRL  GSPO “\ @ Lab %?ilélelGRRlI!’gARL 1 Reward model,
fhg Self-  Nonparametric, GHPO \ T e
ﬁ & Parametric ' VAPO GRPO GMPO 1
ft Improve . DPO KTO Step-GRPO :

v
’

The Landscape of Agentic Reinforcement Learning for LLMs: A‘ Survey, 2025 jj g *% A % I:Fl iﬁ{jt



E ;l‘
ﬁu 1“ & A }i L I:F * } ? Self-Corrected (SC)-MLLM Close-Loop Correction Based on SC-MLLM
] R . s

| Step1: Pose Prediction

.. Step 1: Image [ g °
E W % * % | Predict the contact point and orientation for pulling the {object} ]> ‘
| & l I & | E Interact g s
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Yutao Yang, Jie Zhou* et al. AN INTERACTIVE CONTINUAL LEARNING FRAMEWORK THROUGH REINFORCED LEARNING WITH HUMAN FEEDBACK, 2025
Interactive Continual Learning Architecture for Long-Term Personalization of Home Service Robots, ICRA, 2024
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‘ Long- Context LLM
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Solvmg Long-Context Task with Memory Agent via RL

_____________________________________________________________________________________

Zhou, Zijian, et al. "MEM1: Learning to Synergize Memory and Reasoning for Efficient Long-Horizon Agents." arXiv preprint arXiv:2506.15841 (2025).
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InfLLM: Training-Free Long-Context Extrapolation for LLMs with an Efficient Context Memory, NeurIPS, 2025
HUMAN-LIKE EPISODIC MEMORY FOR INFINITE CONTEXT LLMS, ICLR, 2025
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Zhang Z, Dai Q, Li R, et al. Learn to Memorize: Optimizing LLM-based Agents with Adaptive Memory Framework[J]. arXiv preprint arXiv:2508.16629, 2025.
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Latent learning: episodic memory complements parametric learning by enabling flexible reuse of experiences, 2025, Google DeepMind
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RoboCoder: Robotic Learning from Basic Skills to General Tasks with Large Language Models, 2024
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