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Junhao Zheng, et al. Towards Lifelong Learning of Large Language Models: A Survey
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Domain-Incremental
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Learning (§5.3)

Online Continual
Learning (§6)

Blurry Task
Boundary (§6.2)

[Foundatlon LMs-based CLJ
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LFPT5 [140], B-CL [79], ELLE [142], AdapterCL [117], RMR_ DSE [92], DEMIX [44] , CLASSIC [77],

_[PLMS'ba“d DI (§51.1) J_ Pretr [28], CPT [74], C-PT [232], CL-KD [19], PlugLM [26], AEWC [90], DAS [78]

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], VOACL [217], SC-MLLM [101], DIKI [168]

PP [149], CTR [76), MeLL [178], LINC [99], ERDA [139], PCLL [223], BilINet-Reg [70], ConTinTin [204],
-[PLMs-based TIL (§5.2.1) ]— HMI [118], ACM [219], DYNAINST [127], Conure [210], TERACON [83],
EMR [180], ERNIE 2.0 [167], RecyclableTuning [141], RecAdam [23]

Robocoder [95], Eureka [115], COPF [213]

—(LLMs—based TIL (§5.2.2) ]_ Conpet [165], InstructAlign [15], Continual-T0 [158], DynaMind [39], ELM [64], O-LoRA [184], JARe [135]

—[VLMs—based TIL (§55.2.9) J_ls\viNeglElO;‘il [203], CTP [231], ZSCL [226], MoE-Adapters4CL [207], TRIPLET [137], AwoForget [225],

_(PLMS_base 4Ol ©53.0) J—‘Eﬁz [Ef(?i] IDBR [61], PAGeR [174], ENTAILMENT [197], ExtendNER [128], PLE [94], DE&E [193],

_[VLMSVbase 2Ol (5532 J_ MoE-Adapters4CL [207], VLM-PL [52], Adaptation-CLIP [105], PROOF [229], LGCL [81], ZSCL [226],
i CLAP [68], GMM [17], RAPF [60], STAR-Prompt [124], DIKI [165], SND [208], AwoForget [225]

—(PLMvaased HTB (§6.1.1)]—[MBPA++ [33], Meta-MBPA++ [189], OML-ER [55], TPEM [44], CID [103], ProgModel [163]

—[VLMs—based HTB (§6.1.2)J—[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 (§6.2.2)J—[DKR [30], SIT [181], OLiVia-Nav [130], G-NoCL [160]
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Layers before editing Editing layer Layers after editing | @ Initialize Wy' with Wy
e.g., 0-25 Layers for LLaMA-2-7B e.g., 26-th Layer for LLaMA-2-7B e.g., 27-31 Layers for LLaMA-2-7B |
J\ : ,:: S [
[ 1 | T
: ]

(@ Generate k random masks with
mask ratio p for edit streams {x;}
—> Attn p—

X2 Xl X (Xl X2 X3 -
Main ' % ﬂ
Memory : l tv l l (tlme
\ , ii_\_. 0 _.:{ ]
If Agct(x) < & ERN ; HH B H
' = \
Wv : ® Edit in side memory subspaces

Routing H (111 1 11 R I

FFN : e s B o
Input 5 Input Ny @ ) ) Output — [ o
Layers Layers W Activation Layers ' ‘ | |

1
i @ Merge subspaces into one
' side memory via Ties-Merge

If Aget(x) > €
Select the 7

max one
Editing Side ;
Layer Memories :

(a) Workflow Overview with Knowledge Routing (b) Knowledge Sharding and Merging

Wang P, Li Z, Zhang N, et al. WISE: Rethinking the Knowledge Memory for Lifelong Model Editing of Large Language Models, NeurIPS, 2024.
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Wuyang Chen, et al. Lifelong Language Pretraining with Distribution-Specialized Experts, ICML, 2023.

O REEIERHEH, EXFA
Gatingth 2FEZ &
O JRKByERFGating~EH

pasCIEM
O FIAZER Ak
'ﬁtﬂ{. ’ BE.IJ:LJ_‘,ILAIETJ;EEEE

IEN



| ETREBAERER (MoE) HiFEES

O] e n O] o e i w
0 0! [ 0 0.

e Coper ] [ os ) O Y Router#/l#l:
2., 700 O N

i Where is, K
[ Where are v‘F '

— P RIEFMHARE S FHEBER
CL-MoE “Taskt

— /N =] =
Dual-Router MoE (RMoE) Dynamic Momentum MoE (MMoE) D l % IE 1% % g& 73 IJ é E’ 1|=| l%\

+ 8 8 9 .
Outputs ﬁ{D D\D D} + (I_ﬁ){D . [:] -} [[ Expert 1 ] [ Expert j ] [ Expert k ] [ Expertn ]]

A =
[[ Expert 1 } [ Expert j ] [ Expert k } [ Expert n ]J ‘+f
S e e b HEHNBES
kl MSHEEF
[Instance—level Router] [ Task-level Router ] & ™ AN
T4 [;] [;_j |;] Ex]

|

=t (Cowent ) - (Coweni) - (oo ) - (owenn )| O W FEZSH=ZLERNESF
7 3 e [[ Expert 1 } [ Expert } [ Expert k ] [ Expert n ]]

Task-shared Expert | Task-specific Expert
EERFZAAENEMAN

0, , The parameters of experts learned by task 1 to task t-1.
2 h i,

Agj-\( Tost Tnstance @, The parameters of experts learned by task t .

Tianyu Huai, et al. CL-MoE: Enhancing Multimodal Large Language Model with Dual Momentum Mixture-of-Experts for Continual Visual Question Answering, 2024.
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task N task N+1 [ ] clean

[ . \ [ A \ noise

|:| class1
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: i) B : v . D class 3
\ T — - ] — - >
batch sample (B) batch sample PB+1) ["; TT1T111 i \ batch sa'mple (B+2) time
[
— % b | O@O;_)?
(Sec. 4.1) (Sec. 4.1) : —)|{;-I:j ofirgd : (Sec. 4.1)
| I I I | | relabeling set (R ' I I | ,
<Ep150d;c Memory> <Episodic Memory> : > :::::-: :-:}::: :.::::- ::::::} :::::-:: : <Episodic Memory>
| [ 1 | [ \ _ unlabeled set (1) gL 1 1 1

Memory Usage (Sec. 4.2)

Chris Dongjoo Kim, et al. Continual Learning on Noisy Data Streams via Self-Purified Replay, ICCV, 2021
Jihwan Bang. et al. Online Continual Learnine on a Contaminated Data Stream with Blurry Task Boundaries. CVPR. 2022
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4 walk and Target
: walk , g
raise arm swing arms Tasks
# hand on knee hand on waist
-
twist foot &= Searcher ,i,' “Actor
walk . ‘ walk walk and
RGN Find No swing arms swing arms
twist ankle . .
: 1k Related Actions Candidate Action
swing arms wa
\ hand on shoulder Fiiial et No
& W% Evaluator
hand on hip
update walk and assed
> ) .
Action Space sSwing arms
Final Action

[0 Searcher:

[0 Evaluator

def set_initial_dof_position():
def set_speeds(speeds):

def set_state_destination(
dof state_dicts,
dof_positions, ...):

O #RIEBMRESE#Action, MActionEEEER, X
F—E B{EN EF %Action
O A2, MEFHE—Action, 4 pKActionfdzh{E
RoboCoder: Robotic Learning from Basic Skills to General Tasks with Large Language Models, 2024
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Self-Corrected (SC)-MLLM

Close-Loop Correction Based on SC-MLLM
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| Step1: Pose Prediction

| Predict the contact point and orientation for pulling the {object} F q

i ':!%)‘ The contact point is [x, y], the gripper up 3D direction is [xy, Yy, Zy, ],
the gripper forward 3D direction is[xg, V¢, 25 |

Step 2: Failure Detection and Correction )

| The robot's end-effector state is... Detect the failure causes of pulling ... Fﬁ.

Q2 Qh ‘ﬁ Failure cause is incorrect prediction of | position and rotation
33 @ Position expert

Here are potential contact point coordinates: [x€, y°], Reasoning expert
Here are the potential orientations: .... Predict the... t 3
Rotation expert

2 i:t)ﬁ The contact point is [x, y], the gripper up 3D direction is [X,, Yy, 2y ],

the gripper forward 3D direction is[xy, yy, 27 ] Pose
I_I J
Step 3: Continuous policy learning [§ }
SC- i9a MA lh P—D
’ Adapter Cj
MLLM __ q.(1) ‘ Execute
| Successfully corrected samples | ¥

Self-Corrected Multimodal Large Language Model for End-to-End Robot Manipulation
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Liu, Mazumder, Robertson and Grigsby. Al Autonomy: Self-Initiated Open-World Continual Learning and Adaptation. Al Magazine, May 21, 2023
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