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Open-World Machine Learning and Classification

(Open-world Recognition, Open Set Recognition, Open-world Al)

A form of Lifelong Learning

Second Edition: "Lifelong_ Machine Learning." by Z. Chen and B. Liu, Morgan & Claypool, August 2018 (1st edition, 2016)

« Three new chapters have been added and others have been updated and/or reorganized.

* One Chapter is dedicated to Open World Learning
« Any Al system (e.g., chatbot and self-driving car) that cannot learn in deployment (e.g., chatting and driving) in the real-world open envoronment is not truly intelligent.

An interview in Nature Outlook, July 20, 2022.

Learning on the Job in the Open World. Invited talk given at the Continual Learning Workshop @ ICML-2020, July 17, 2020.

Motivation: Sooner or later, Al agents will need to explore and learn by themsleves in the real world. They cannot forever depend on manually labeled data. The real world is open and dynamic, and full of unknowns. Al agents must be able to

detect the unknowns and learn them in a self-supervised manner. They should not make the closed-world assumption any more.

Open world learning (OWL) (a.k.a. open world recognition or classification, or open-world Al) is getting increasingly important as the learning agent is increasingly working in or facing the real-world open and dynamic environment, e.g.,
chatbot and self-driving car, where the agent cannot assume or expect what it will see in the real-world contains only what it has learned previously. For example, a chatbot cannot assume that it knows everything that a user may say. A self-
driving car cannot assume that the real-world has only things that it has seen and learned before. The core of open-world learning or open-world Al is about recognizing unknowns and learning them so that the Al agent will become more

and more knowledgeable.

Classic machine learning makes the closed world assumption, i.e., the classes that the agent sees in training are what it will see in testing (no new objects or classes can appear in testing) (Fei and Liu 2016). A more realistic scenario is to
expect unseen classes during testing (open world). In this case, the goal is to design a learning algorithm that can classify data of the known/seen classes into their respective classes and also to reject/detect instances from unknown/unseen

classes. This problem is called open-world learning (or open-world classification). Apart from detecting the unseen classes, open-world learning should also incrementally or continually learn the new classes.

Tasks of open-world learning (OWL)

Martin Mundt (he/him)
OWLL Group Leader

Email: martin.mundt
_at_ tu-darmstadt.de

Personal Webpage:
martin-mundt.com

Martin is the OWLL research group leader at
Hessian.Al and TU Darmstadt, where the vision is to
create robust systems that can learn continually in
an open-ended world. He is a board member of
directors at the non-profit organization ContinualAl
in the 2022-2024 election term and also a
postdoctoral researcher at the Artificial Intelligence
and Machine Learning (AIML) lab at TU Darmstadit.

He holds a PhD in computer science from Goethe
University Frankfurt in 2021, with a focus on continual
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Fig. 1. Overview diagram for trustworthy RL against intrinsic vulnerabilities: robustness, safety, generalization

Xu, M., Liu, Z., Huang, P., Ding, W., Cen, Z., Li, B., & Zhao, D. (2022). Trustworthy reinforcement learning against intrinsic vulnerabilities:

Robustness, safety, and generalizability. arXiv preprint arXiv:2209.08025.

Beck J, Vuorio R, Liu E Z, et al. A survey of meta-reinforcement learning[J]. arXiv preprint arXiv:2301.08028, 2023.
Moos J, Hansel K, Abdulsamad H, et al. Robust reinforcement learning: A review of foundations and recent advances|[J]. Machine

Learning and Knowledge Extraction, 2022, 4(1): 276-315.

Kirk R, Zhang A, Grefenstette E, et al. A survey of zero-shot generalisation in deep reinforcement learning[J]. Journal of Artificial

Intelligence Research, 2023, 76: 201-264.
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Wang R, Lehman J, Rawal A, et al. Enhanced poet: Open-ended reinforcement learning through unbounded invention of learning
challenges and their solutions[C]//International Conference on Machine Learning. PMLR, 2020: 9940-9951.

Meier R, Mujika A. Open-ended reinforcement learning with neural reward functions[J]. Advances in Neural Information Processing Systems,
2022, 35: 2465-2479.

Samvelyan M, Khan A, Dennis M D, et al. MAESTRO: Open-Ended Environment Design for Multi-Agent Reinforcement Learning[C]//The
Eleventh International Conference on Learning Representations. 20
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LiY, Zhang S, Sun J, et al. Cooperative Open-ended Learning Framework for Zero-shot Coordination[J]. arXiv preprint arXiv:2302.04831, 2023.
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Prior Work: Policy Reuse

shallow trails: policies trained for a few iterations {71, 72, T3, ... Tm }

environment feature = the rewards running these policies
Vi — (R(’7'2|77'1), R(Ti|7~1'2), R(Ti|77'3), R(Tzlﬁ'm))

it works, and

feature quality matters

feature discriminativeness

model capacity matters

training tasks matter

200 200 150 180 [|= = —MAPLE-P
ﬁill: ig; MAPLE-P;ZZ
1500 - = Neighbor P gl G 150 - A Z 100 1601~ " -ﬁi:tiizm
---------- LSTM Single oy
_____ gle oo
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number of policy iterations

(a) Swimmer

number of policy iterations

(a) Swimmer

number of policy iterations

(a) Swimmer

number of training tasks

(a) Swimmer

we need: interactions, discriminative outcomes, large coverage tasks, and large model

Yang Yu, Shi-Yong Chen, Qing Da, Zhi-Hua Zhou. Reusable reinforcement learning via shallow trails. IEEE Transactions on Neural
Networks and Learning Systems, 2018, 29(6): 2204-2215.



Prior Work: Context Capture

Figure 1: An illustration of sudden changes in an environ-
ment. When a car is driving through a water puddle, the wa-
ter reduces the friction of the road, and the dynamics of the
environment suddenly changes. Without the ability of fast
adaptation for the new dynamics, an RL trained driving pol-
icy will lose control (left). In contrast, we expect the policy
can adapt to the environment change rapidly and handle this
emergency (right).
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latent context dist.
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Contextual Policy (CP)

R ESIMEFHE—H
Lhisance = Elll2} = will3],
SEBRR:
fiance = Elll 2 — E[13] + 1 B[2{] — w3,
5 BixR:
Los =AU E |2 — E[]3] - log det(Rsp.ry),

Fan-Ming Luo, Shengyi Jiang, Yang Yu, Zongzhang Zhang, Yi-Feng Zhang. Adapting environment sudden changes by

learning context sensitive policy. AAAI 2022.



From SARL to MARL

A higher level complexity of the environment
Using similar ideas: large coverage training tasks, interactions to acquire features
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The Robustness of MARL
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State Test

v(s) = s — € - sign(VQ,(s,a*; m))

v(m) = 14(s),

Action Test
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Perturb 7 Py ey
Reward -

v(r) = {I;.

’

Reward Test

T = Tthresh
T > Tthresh

Guo, J., Chen, Y., Hao, Y., Yin, Z,, Yu, Y., & Li, S. (2022). Towards comprehensive testing on the robustness of cooperative multi-agent
reinforcement learning. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 115-122).



The Robustness of MARL

Al Researcher

Policy Maker

'(”ZJE,J_; - Weakness Discovery + Risk Management

= = ° Suggest Improvement « Safe deployment

f_‘ » Comprehensive Defense = Algorithm Monitoring
Algorithm MARL Environment Comprehensive Testing

Win rate (WR), team reward (TR), mean number of dead allies
(mDA), and mean number of dead enemies (mDE).

Map Algorithm  WR TR mDA mDE
i QMIX  0.00% 10.07 497 134
MAPPO 0.00% 1159 500 2.13
rE QMIX  6.25% 9.88 10.69 4381
MAPPO 0.00% 1053 11.00 6.31

e @
(Rewara ) (2

Table 4. Performance of QMIX and MAPPO under action test.
None of the algorithms are robust under action-based attack.

Map Algoritm WR TR mDA mDE Map Algorihm ~WR TR mDA mDE
OMIX  000% 532 441 006 b, QMIX  938% 1185 472 169

B SEen. vt o aor o MAPPO  65.62% 1791 334 425

- QMIX  000% 000 209 000 1im Iv?,al\\g;(o 3%%05‘@ 1947662 '90-6994 g-gg
MAPPO  0.00% 589 11.00 0.16 : : : :

Table 2. Performance of QMIX and MAPPO under state test. Both
algorithms shows weak robustness, while MAPPO is relatively ro-
bust.

Guo, J., Chen, Y., Hao, Y., Yin, Z,, Yu, Y., & Li, S. (2022). Towards comprehensive testing on the robustness of cooperative multi-agent
reinforcement learning. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 115-122).

Table 3. Performance of QMIX and MAPPO under reward test.
None of the algorithms are robust under reward-based attack.



Openness in MARL
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Openness in MARL.: Action Perturbation

Adversarial attacker
Tady : OX AXN — A

Attacker learning:

» minimize the reward of the ego-system
» sparsity prior regularization

» JSD diversity regularization

Adversarial training:

» Maintain attacker population

» Quality-Diversity algorithm

» customized selection and update
mechanism

Lei Yuan, Zi-Qian Zhang, Ke Xue, Hao Yin, Feng Chen, Cong Guan, Li-He Li, Chao Qian, Yang Yu. Robust multi-agent coordination via evolutionary
generation of auxiliary adversarial attackers. In: AAAI'23.

forcing to execute
a ~ Tadaw(-|s, a, k)

Disentangled

Off-the-shelf VD MARL algorithms: }
VDN/QMIX/QPLEX

Adversarial Attacker
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Openness in MARL.: Action Perturbation

Different
attackers

Different
attack

strengths

Lei Yuan, Zi-Qian Zhang, Ke Xue, Hao Yin, Feng Chen, Cong Guan, Li-He Li, Chao Qian, Yang Yu. Robust multi-agent coordination via evolutionary

Map_Name

253z

3m

3s_vs_3z

8m

MMM

1c3s5z

Method K=8 K=4 K=28 K=5 K =28 K=6 +/ /=
vanilla QMIX | 928 £1.62 | 97.9£1.02 | 98.3L0.78 | 982045 | 95.8+1.59 | 88.8+2.13 | 1/1/4
RARL 96.4+1.19 | 86.0+5.38 | 80.6+£27.5 | 95.3+3.31 | 89.3+£7.01 | 76.9+9.85 | 0/4/2
Natural RAP 98.1+£0.76 | 91.3+4.93 | 99.3+051 | 91.7+£7.96 | 95.3+4.98 | 86.7+£10.5 | 0/1/5
RANDOM | 98.0+0.60 | 95.3+2.07 | 99.6+0.35 | 98.6+£0.90 | 93.8+£7.56 | 93.1+4.41 | 1/0/5
ROMANCE | 97.9+1.34 | 96.0+1.83 | 97.8+1.78 | 94.3+3.94 | 97.1+1.49 | 93.9+1.24
vanilla QMIX | 788 £1.28 | 78.7£1.49 | 87.0£0.36 | 66.2£2.08 | 70.0£3.97 | 66.6£2.03 | 0/5/1
RARL 84.3+2.40 | 67.6+5.01 | 70.1+£29.1 | 75.7+£7.00 | 62.2+£10.2 | 56.5+10.8 | 0/5/1
Random RAP 87.3+1.87 | 73.5+3.49 | 89.8+4.8]1 | 78.4+8.22 | 84.2+£9.05 | 66.8+£9.66 | 0/1/5
Attack | RANDOM | 83.9+6.38 | 76.4+227 | 91.9+1.32 | 72.0+£3.46 | 72.9+7.09 | 60.5+£21.3 | 0/2/4
ROMANCE | 89.1+1.97 | 7814513 | 93.0+1.82 | 76.2+5.36 | 85.8--8.66 | 77.9+ 1.96
vanilla QMIX | 26.7 £4.28 | 20.7£2.13 | 309+ 152 | 42.7£9.79 | 37.0+£3.13 | 35.2£8.66 | 0/6/0
RARL 56.1+11.8 | 86.1+0.98 | 60.9+14.2 | 66.3+7.25 | 41.5+11.6 | 35.3+£4.00 | 0/6/0
EGA RAP 64.1+11.9 | 84.0+4.27 | 65.1+£4.41 | 84.4+888 | 74.9+155 | 45.4+6.83 | 0/4/2
RANDOM | 483+17.3 | 662+16.6 | 54.4+7.83 | 55.6+12.5 | 53.1+£6.09 | 43.3+£10.3 | 0/6/0
ROMANCE | 81.6+0.84 | 89.7+1.52 | 90.5+1.97 | 86.2+5.11 | 84.0+11.5 | 66.5+ 3.24
Method K=6 K=7 K=38 K=9 K =10 K =11 K =12 K=14
vanilla QMIX | 59.2 £ 2.66 | 42.1 081 | 26.7£4.28 | 17.3£0.62 | 1222033 | 874014 | 6.42£084 | 2.82£0.70
RARL 9.7 E£422 | 6521011 | 56.1+£118 | 463 L121 | 380L135 | 318 L 131 | 250123 | 18.6 L1090
RAP 8I7L737 | TB6L746 | 641110 | 535 L117 | 4251116 | 330L11.4 | 258 L 10.7 | 14.0L7.50
RANDOM | 6035109 | 568 L 12.8 | 483L173 | 347 £173 | 2555158 | 198 L£143 | 149L12.6 | 10.0L9.69
ROMANCE 899+4+1.19 | 86.4+187 | 81.6+084 | 75.1+058 | 66.7+1.56 | 57.4+1.61 | 486 +2.60 | 41.5+2.17

generation of auxiliary adversarial attackers. In: AAAI'23.




Openness in MARL: Message Perturbation
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Lei Yuan Feng Chen, Zongzhang Zhang, Yang Yu. Communication-Robust Multi-Agent Learning by Adaptable Auxiliary Multi-Agent Adversary
Generation. https://arxiv.org/pdf/2305.05116.pdf.
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Openness in MARL: Message Perturbation

Table 1 Performance comparison under different attack modes.

Hallway-6x6 Hallway-4x5x9 SMAC-102r_vs_4r SMAC-10_10b_vs_Ir GP-4r GP-9r
MA3C 0.94+0.05 0.97+0.05 0.86+0.02 0.62+0.01 0.87+0.02 0.82+0.01
Vanilla 1.00+0.00 1.00+0.00 0.81+0.06 0.63+0.04 0.88+0.03 0.82+0.02
Normal Noise Adv. 1.00+0.00 0.99+0.01 0.88+0.04 0.6+0.05 0.88+0.03 0.85+0.02
MA3C w/o div. 0.98+0.02 0.66+0.46 0.86+0.02 0.62+0.03 0.86+0.09 0.81+0.03
Instance Adv. 0.52+0.48 0.67+0.47 0.84+0.02 0.57+0.04 0.86+0.03 0.82+0.03
MA3C 0.91+0.07 0.79+0.18 0.87+0.01 0.67+0.03 0.88+0.01 0.80+0.07
Vanilla 0.58+0.03 0.53+0.06 0.73+0.07 0.60+0.02 0.86+0.03 0.79+0.02
Random Noise Noise Adv. 0.97+0.02 1.00+0.00 0.82+0.02 0.56+0.02 0.88+0.01 0.82+0.01
MA3C w/o div. 0.68+0.07 0.68+0.29 0.73+0.07 0.53+0.01 0.82+0.06 0.80+0.07
Instance Adv. 0.56+0.34 0.67+0.47 0.79+0.07 0.60+0.08 0.90+0.03 0.81+0.02
MA3C 0.91+0.22 0.98+0.01 0.67+0.03 0.62+0.03 0.81+0.02 0.76+0.03
Vanilla 0.09+0.19 0.00+0.00 0.26+0.12 0.57+0.03 0.38+0.02 0.30+0.05
Aggressive Attackers Noise Adyv. 0.61+0.37 0.13+0.14 0.51+0.02 0.54+0.03 0.41+0.13 0.48+0.11
MA3C w/o div. 0.57+0.39 0.96+0.03 0.54+0.05 0.61+0.02 0.68+0.06 0.71+0.01
Instance Adv. 0.63+0.42 0.88+0.14 0.28+0.01 0.61+0.04 0.81+0.02 0.76+0.03

Lei Yuan, Feng Chen, Zongzhang Zhang, Yang Yu. Communication-Robust Multi-Agent Learning by Adaptable Auxiliary Multi-Agent Adversary
Generation. https://arxiv.org/pdf/2305.05116.pdf.
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Openness in MARL: Policy Sudden Change
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(a) CRP-Based Infinite Mixture for
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Dynamic Teammate Generation

Learning for Fast Adaptation

(c) Decentralized Team
Situation Recognition

CRP-based Infinite Mixture

» How to deal with infinite groups of teammates?
> Instantiate a DPMM with Chinese Restaurant
Process.

Centralized Contextualization Learning

» Learn a global context encoder which is able to identify and
track the sudden change of teammates.

Decentralized Team Situation Recognition

» Learn informatively consistent local embeddings based on
mutual information objective and auxiliary objectives.

Zigian Zhang, Lei Yuan, Lihe Li, Ke Xue, Chengxing Jia, Cong Guan, Chao Qian, Yang Yu. Fast teammate adaptation in the presence of sudden
policy change. In: UAI 2023.



Openness in MARL: Policy Sudden Change
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Zigian Zhang, Lei Yuan, Lihe Li, Ke Xue, Chengxing Jia, Cong Guan, Chao Qian, Yang Yu. Fast teammate adaptation in the presence of sudden
policy change. In: UAI 2023.



Openness in MARL: High Coordlnatlon Generalization Ability
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Yuan, Lei and Li, Lihe and Zhang, Zigian and Chen, Feng and Zhang, Tianyi and Guan, Cong and Yu, Yang and Zhou, Zhi-Hua. “Learning to
Coordinate with Anyone.” DAI 2023.



Openness in MARL: High Coordination Generalization Ability

Env | LBF CN SMAC | Avg. Performance
Methord | LBFI LBF4 PP1 PP2 cN2 CN3 SMAC1 SMAC2 | Improvement (%)
Macop (ours) 1.14+0.02 164+003 173+011 214+053 166+0.03 1.70+0.06 1.26+042 1.56=0.17 60.44
Single Head 0.98 £0.07 1.10£0.32 0.87+0.58 1.44 £ 0.52 1.01 049 099+0.24 1.06 £ 0.14 1.25 £ 0.40 8.92
Random Head 0.92 = 0.05 0.85+0.10 0.88+0.17 1.18+0.39  098+£0.23 092+0.11 0.97+0.14 1.28 £ 0.21 -0.25
LIPO [Charakorn et al.(2023)] 1.07 £ 0.09 1.53 £ 0.14 1.64 £+ 0.21 1.93 £ 0.52 1.13+0.41 1.33 £0.25 1.19 + 0.18 1.08 £0.21 36.27
FCP [Strouse et al.(2021)] 1.16 £0.02 1.33+0.06 1.17+0.85 1.34+£0.12 090£0.48 1.414+0.23 0.97+0.19 1.54 £0.10 25.82
TrajeDi [Lupu et al.(2021)] 1.16 = 0.06 1.34 £ 0.11 1.68 £+ 0.33 1.56 £ 0.52 1.29 +0.23 1.53+0.11 1.25+0.12 157+0.16 42.26
EWC [Kirkpatrick et al.(2017)] | 0.97+0.08 0.99+0.16 0.83+048 0.77+043 057037 0.71+0.27 1.03+0.13  0.61=0.09 —18.82
Finetune 1.00 = 0.16 1.00 £ 0.27 1.00 + 0.58 1.00 £ 0.68 1.00 £0.31 1.00 £0.24 1.00 £ 0.17 1.00 £0.23 /
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Yuan, Lei and Li, Lihe and Zhang, Zigian and Chen, Feng and Zhang, Tianyi and Guan, Cong and Yu, Yang and Zhou, Zhi-Hua. “Learning to
Coordinate with Anyone.” DAI 2023.



Openness in MARL: Continual Coordination
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Lei Yuan, et al. “Multi-agent Continual Coordination via Progressive Task
Contextualization.” arXiv:2305.13937 (2023).

Continual learning for human-Al Coordination
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Openness in MARL: Open and Real-World Human-Al Coordination
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Xue, Ke, et al. “Heterogeneous multi-agent zero-shot coordination by
coevolution." arXiv preprint arXiv:2208.04957 (2022).
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Cong Guan, et al. Open and Real-World Human-Al Coordination by
Heterogeneous Training with Communication. Submitted.




Openness in MARL: LLMs for Human-Al Coordination

Before coordination
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ettt =
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e e P e~

+ Task requirements: §:§>:@ Session 1: Extract key information;

' Fetch ingredients to UESL e s s e

i cook soup and deliver.

Human preference:

I prefer delivering soup
over fetching dishes and
onions.
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One Al and One Human.
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______________________________
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Figure 1: Overview of our proposed HAPLAN on the Overcooked-Al

Cong Guan, et al. Efficient Human-Al Coordination via Preparatory Language-based Convention. Submitted.



Openness in MARL: LLMs for Human-Al Coordination

Layout | Partner FCP MEP HSP HAPLAN
CoifBECielE Onion Placement 104.38+£9.66 | 133.75+20.27 | 135.38+15.19 | 140.00+26.92
Delivery 86.88+9.49 83.12+7.26 96.25+7.81 103.75+10.53
OSSN W— Onion Placement & Delivery (Potl) | 233.13+17.75 | 256.25+18.66 | 282.88+17.03 | 260.63£18.36
y g Delivery (Pot2) 215.00£16.58 | 250.00£19.36 | 258.13+21.71 | 268.00+9.79
Soun Coordination Onion Placement & Delivery 199.38+6.09 | 105.00 £+ 32.78 | 198.75+4.84 | 219.38+3.47
P Tomato Place & Delivery 44.38+29.04 192.50+9.68 128.12+30.76 | 220.63+3.47
Distiiie Towiat Tomato Placement 38.75+30.79 27,2027.27 148.75+£68.36 | 210.00-£15.00
Tomato Place & Delivery 175.62+£24.35 | 180.00£22.36 | 198.12+37.20 | 251.25+23.41
Miiiv Oiders Tomato Placement 140.62+£32.59 | 170.00£33.91 | 248.75+29.55 | 256.36+35.99
Y Delivery 194.38+£12.48 | 175.63£35.61 | 208.13+25.42 | 241.21+12.97
Many Orders :Step 0 LS cooking delivery
uman
-2 Target: cook soup ] . A"‘ Intentlon %
- 4“ Human Intention
»Step 1~T Veny VHself VHparmer 37
N
Colors Numbers Q' ‘. » “ ” ' ‘ ..
o onion | 1: Left Pot = ! ot Actual Behaviors
® tomato | 2: Middle Pot VAF P VAMEP '/ VAH sp VEs vieT it
®dish | 3:Right Pot
(a) FCP (b) MEP (c) HSP (d) Ours E

Cong Guan, et al. Efficient Human-Al Coordination via Preparatory Language-based Convention. Submitted.



Openness in MARL: Learning From Offline Data
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multi-task offline data." The Eleventh International Conference on Learning Representations. 2022.



Openness in MARL: Learning From Offline Data

Expert Medium
BC-best UPDeT-1 UPDeT-m ODIS (ours) BC-best UPDeT-1 UPDeT-m ODIS (ours)

Task ‘

Source tasks

3m 977+ 26 71.0+16.6 828+ 16.0 984 + 2.7 65.4 + 14.7 56.6 142 512+ 34 859 +105
Smém 504+ 23 12.1 £ 12.6 17.2 £ 28.0 539+ 51 219+ 34 56+ 48 63+ 49 227+ 71
9m10m 953+ 1.6 26.6+ 120 3.1+ 54 804 + 87 63.8 £+ 10.9 344+139 285+102 781+ 3.8

Unseen Tasks

4m 92.1+ 35 28.6+21.6 33.0%27.1 953+ 3.5 | 488 +21.1 216 £172 141+ 52 617 =177
Sm 87.1 £10.5 40.1 £259  33.6 402 89.1 £10.0 | 76.6 & 14.1 774 £160 67.2+213 859 +11.8
10m 905+ 3.8 339+£252 547+ 444 93.8 + 2.2 56.2 4 20.6 36.8 +20.7 329+ 113 61.3 +11.3
12m 70.8 +15.2 10.9 £+ 18.9 17.2 £ 28.0 586 +11.8 24.0 £+ 10.5 40+ 53 3.2 3.8 359+ 81
7m8m 18.8 &+ 3.1 08+ 14 00+ 00 25.0 =151 1.6+ 1.6 24+ 26 00+ 00 281 +22.0
8m9m 158+ 33 1.6+ 1.6 00+ 00 19.6 + 6.0 3.1+ 3.8 3.1+ 3.1 23+ 26 4.7+ 2.7
10mllm | 453 +11.1 08+ 14 00+ 00 422+ 72 19.7 + 8.9 24+ 14 40+ 34 297 t154
10m12m 10+ 15 0.0+ 0.0 00+ 00 1.6+ 1.6 0.0+ 0.0 0.0+ 00 0.0+ 0.0 1.6 + 1.6
13m15m 00+ 00 00+ 0.0 0.0+ 0.0 23+ 26 0.6+ 1.3 0.0+ 00 0.0+ 0.0 1.6 = 1.6

| Medium-Expert [ Medium-Replay

Source Tasks

3m 67.7 + 23.7 50.1 £239 8521179 73.6 +22.0 81.1 £ 88 273+£259 414+20.1 83.6 = 14.0
Sm6m 313+ 6.3 23+ 26 16 £ 1.6 94+ 22 | 250+ 3.1 08+ 14 08+ 14 16.6 = 4.7
9m10m 26.0 £ 139 27.7+24.1 243 £ 18.7 313+ 145 334 £+ 13.1 23+ 41 08+ 14 344+ 8.0

Unseen Tasks

4m 813 +189 410+ 80 439+390 828 +£135 | 615+ 9.0 234+%155 359+ 12.6 55.6 = 14.5
Sm 740+ 29 657+ 10.1 33.6 £40.2 828 +£17.7 | 75.0+£242 547 +£235 61.7 £ 20.3 96.1 + 4.1
10m 78.1 + 6.7 39.8 + 20.1 32.8 +38.1 82.8 +16.8 824+ 82 8.6+ 87 110+ 7.8 84.4 +15.1
12m 64.8 4 24.3 94+ 79 94 + 8.6 81.3 £ 20.6 834+ 45 23+ 41 23+ 26 844+ 6.6
7m8m 133+ 45 40+ 42 23+ 4.1 15.6 + 44 73+ 64 232 2:6 1.6+ 2.7 94+ 2.2
8m9m 102 + 4.6 56+ 48 95+ 86 109 + 4.7 11.5+ 39 08+ 14 08+ 14 11.7 £ 8.7
10mllm | 26.6 £ 4.7 8.0+ 12.2 11.8 + 8.1 336+ 89 | 468+ 6.6 23+ 41 08+ 14 359+ 52
10m12m 00+ 00 00+ 0.0 0.0+ 00 1.6+ 1.6 1.6+ 2.7 0.0+ 00 0.0+ 0.0 23+ 14
13m15m 08+ 14 0.0+ 0.0 00+ 00 23+ 26 1.6+ 1.6 0.0+ 00 0.0+ 0.0 24+ 14

Fuxiang Zhang, Chengxing Jia, Yi-Chen Li, Lei Yuan, Yang Yu, Zongzhang Zhang. "Discovering generalizable multi-agent coordination skills from
multi-task offline data." The Eleventh International Conference on Learning Representations. 2022.
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Rong-Jun Qin, Feng Chen, Tonghan Wang, Lei Yuan, Xiaoran Wu, Yipeng Kang, Zongzhang Zhang, Chongjie Zhang, Yang Yu
. (2022). Multi-agent policy transfer via task relationship modeling. arXiv preprint arXiv:2203.04482.
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Table 2 Transfer performance (mean win rates with variance) on the second series of SMAC maps.

Source Tasks Unseen Tasks
MMM MMM2 MMM4 MMMO MMM1 MMM3 MMM5 MMM6

MATTAR 1.00+£0.00 0.92+0.20 0.93+0.12 0.98+0.02 0.97+0.04 0.86+0.10 0.47+0.15 0.09+£0.02
w/o task rep. 0.94+0.05 0.23+0.39 0.33£0.25 0.81+0.15 0.37£0.36 0.07+0.05 0.22+0.30 0.09+0.17
0 task rep. 0.61+£0.07 0.07+0.06 0.21+0.22 0.28+0.19 0.11+£0.13 0.08+0.10 0.08+0.12 0.02+0.04
UPDeT-b 1.00+£0.00 0.78+0.04 0.41+0.14 0.73+0.21 0.8440.07 0.57+0.15 0.00£0.00 0.00+£0.00
UPDeT-m 0.48+40.03 0.15+0.19 0.20£0.07 0.30+0.16 0.2740.13 0.28+0.08 0.00£0.00 0.00+0.00
REFIL 0.97+0.01 0.04+0.02 0.06£0.03 0.93+0.02 0.3840.06 0.12+0.04 0.00£0.00 0.00+0.00

Table 3 Transfer performance (mean win rates with variance) on the third series of SMAC maps.

Source Tasks Unseen Tasks

5m 5m_6m 8m_9m 10m_-11m 3m 4m 4m_5m 6m
MATTAR 1.00+£0.00 0.72+0.05 0.83+0.05 0.81+0.09 0.941+0.27 0.97+£0.02 0.04£0.05 1.00+£0.00
w/o task rep. 0.97+0.01 0.01+0.02 0.01+0.01 0.01+0.03 0.86+£0.03 0.88+0.04 0.00+£0.00 0.95+0.03
0 task rep. 0.7840.39 0.16+0.12 0.30£0.24 0.40+0.28 0.0040.00 0.21+0.15 0.01+£0.01 0.67+0.47
UPDeT-b 1.00£0.00 0.93+£0.05 0.81+£0.19 0.9410.04 0.8140.08 0.9540.06 0.29+0.17 1.00+£0.00
UPDeT-m 0.77+40.09 0.32+0.03 0.35£0.05 0.43+0.02 0.3640.04 0.57+0.03 0.1040.06 0.91+0.09

REFIL 0.7340.03 0.00+0.00 0.0140.01 0.03+0.02 0.68+0.06 0.74+0.02 0.0040.00 0.71+£0.02
Unseen Tasks
6m_7Tm Tm 7Tm_8m 8m 9m 9m_10m 10m 10m-12m

MATTAR 0.7440.15 1.00+0.00 0.83+0.04 1.004+0.00 1.00+0.00 0.84+0.09 1.00+0.00 0.07+0.01
w/o task rep. 0.0340.02 0.94+0.03 0.08+0.10 0.93+0.04 0.86+0.05 0.0440.02 0.52+0.22 0.00+0.00
0 task rep. 0.3140.22 0.67+0.47 0.49+40.35 0.67+0.47 0.66+0.46 0.32+0.24 0.65+0.46 0.00+0.00
UPDeT-b 0.78+0.05 0.99+0.01 0.7340.11 0.99+0.02 0.9940.01 0.80+0.16 0.9940.01 0.07+0.04
UPDeT-m 0.3540.10 0.92+0.03 0.3840.05 0.83+0.05 0.66+0.11 0.33+0.09 0.1740.08 0.03+0.02
REFIL 0.0140.00 0.66+0.03 0.0140.01 0.63+0.05 0.55+0.05 0.01+0.00 0.4610.02 0.00+0.00

Rong-Jun Qin, Feng Chen, Tonghan Wang, Lei Yuan, Xiaoran Wu, Yipeng Kang, Zongzhang Zhang, Chongjie Zhang, Yang Yu
. (2022). Multi-agent policy transfer via task relationship modeling. arXiv preprint arXiv:2203.04482.
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| Instance ...
| Instance 2

Action a
- | Instance 1
" Algorithm 1: MOEA/D
Parameters: Population size N, number 7 of iterations
Initialize a population {z (¥}, of solutions, and a corresponding set W = {w}N | of
Qtot (S, a) weight vectors ;
t=0;
Reward while t < T do
1x1 < i=1: N
Mixing Network « for do _ . .
Randomly select parent solutions from the neighborhood of w® , denoted as " ;
Use crossover and mutation operators to generate an offspring solution z'(");
4 4 Evaluate the offspring solution to obtain F'(z'(?));
Update the ideal point z*. That is, for any j € {1,2,..., m}, if f;(@'®) < z3, then
Qi(s, a;) 2 = HO);
Update the corresponding solution of each sub-problem within ©'" by /(). That is,
for each w@ € ©*" | if g(z'®) | w@, z*) < g(x | w"), 2*), then ) = z'®
end
- Agent 2 Agent 3 Agent 4 t=t+1
end
A A
Instance set

State Encoder

1 State

Ke Xue, Jiacheng Xu, Lei Yuan, Miging Li, Chao Qian, Zongzhang Zhang, Yang Yu. Multi-agent dynamic algorithm
configuration[J]. Advances in Neural Information Processing Systems, 2022, 35: 20147-20161.
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Table 2: IGD values obtained by MOEA/D, DQN, MA-UCB and MA-DAC on different problems. Each result
consists of the mean and standard deviation of 30 runs. The best mean value on each problem is highlighted in
bold. The symbols "+, “—" and "=’ indicate that the result is significantly superior to, inferior to, and almost

equivalent to MA-DAC, respectively, according to the Wilcoxon rank-sum test with confidence level 0.05.

Problem M | MOEA/D DQN MA-UCB MA-DAC
3 || 4.605E-02 (3.54E-04) —  4.628E-02 (2.96E-04) —  4.671E-02 (3.70E-04) — | 3.807E-02 (5.05E-04)
DTLZ2 5 || 3.006E-01 (1.55E-03) —  3.016E-01 (1.34E-03) —  3.041E-01 (1.69E-03) — | 2.442E-01 (1.26E-02)
7 || 4.45SE-01 (1.41E-02) —  4.671E-01 (1.1SE-02) —  4.826E-01 (9.59E-03) — | 3.944E-01 (1.17E-02)
3 || 5761E-02(S41E-04) —  6.920E-02 (1.20E-03) —  7.16SE-02 (1.83E-03) — | 5.200E-02 (1.19E-03)
WFG4 5 || 3.442E-01 (1.21E-02) —  2.810E-01 (6.86E-03) —  2.859E-01 (6.77E-03) — | 1.868E-01 (2.81E-03)
7 || 4.529E-01 (1.79E-02) —  3.725E-01 (1.14E-02) —  3.868E-01 (1.54E-02) — | 3.033E-01 (3.66E-03)
3 || 6.938E-02(5.50E-03) —  6.834E-02 (1.78E-02) —  6.601E-02 (1.00E-02) — | 4.831E-02 (8.95E-03)
WFG6 5 || 3.518E-01 (2.82E-03) —  3.160E-01 (240E-02) —  3.359E-01 (1.47E-02) — | 1.942E-01 (6.90E-03)
7 || 4.869E-01 (3.03E-02) —  4.322E-01 (2.95E-02) —  4.389E-01 (3.41E-02) — | 3.112E-01 (4.93E-03)
Train: +/—/~ | 0/9/0 0/9/0 0/9/0
3 | 6.231E-02(8.85E-02)~  5.590E-02(5.77E-03) —  6.011E-02 (5.08E-03) — | 6.700E-02 (6.14E-02)
DTLZ4 5 | 3.133E-01 (445E-02)~  3.457E-01 (1.61E-02) —  3.492E-01 (1.69E-02) — | 2.995E-01 (2.10E-02)
7 | 4.374E-01 (257E-02) —  4.552E-01 (1.47E-02) —  4.756E-01 (2.01E-02) — | 4.182E-01 (1.21E-02)
3 | 6.327E-02(1.10E-03) —  6.212E-02 (5.54E-04) —  6.118E-02 (7.03E-04) — | 4.730E-02 (7.89E-04)
WFGS 5 | 3.350E-01 (9.77E-03) —  3.077E-01 (6.36E-03) —  3.036E-01 (8.83E-03) — | 1.811E-01 (3.02E-03)
7 | 4.101E-01 (208E-02) —  4.996E-01 (1.32E-02) —  5.024E-01 (1.38E-02) — | 3.206E-01 (8.04E-03)
3 | 5.811E-02(631E-04) —  5.930E-02 (7.32E-04) —  6.014E-02 (7.11E-04) — | 4.066E-02 (5.31E-04)
WFG7 5 | 3.572E-01 (547E-03) —  2.993E-01 (1.43E-02) —  3.207E-01 (1.71E-02) — | 1.858E-01 (2.12E-03)
7 | 5.236E-01 (2.19E-02) —  4.576E-01 (2.38E-02) —  4.879E-01 (2.75E-02) — | 3.258E-01 (1.25E-02)
3 | 8.646E-02 (3.44E-03) —  9.280E-02 (1.06E-03) —  9.612E-02 (1.48E-03) — | 7.901E-02 (1.19E-03)
WFGS 5 | 4.258E-01 (8.42E-03) —  3.969E-01 (1.26E-02) —  3.956E-01 (1.32E-02) — | 2.479E-01 (7.20E-03)
7 | 5.816E-01 (1.30E-02) —  5.575E-01 (1.39E-02) —  5.642E-01 (1.38E-02) — | 4.127E-01 (5.93E-03)
3 | 5.817E-02 (1.24E-03) —  5.628E-02 (7.29E-04) —  7.953E-02 (2.45E-02) — | 4.159E-02 (6.10E-04)
WFG9 5 | 3.633E-01 (1.20E-02) —  3.258E-01 (1.61E-02) —  3.396E-01 (1.55E-02) — | 1.832E-01 (7.10E-03)
7 | 5.538E-01 (2.63E-02) —  5.115E-01 (2.15E-02) —  5.227E-01 (1.79E-02) — | 3.278E-01 (7.21E-03)
Test: +/—/~ | 0/13/2 0/15/0 0/15/0

Train on DTLZ2, WFG4, and WFG6 with
m objectives, and test on the other
problems with m objectives

Significantly better on almost
all the 24 problems

Good generalization ability

Ke Xue, Jiacheng Xu, Lei Yuan, Miging Li, Chao Qian, Zongzhang Zhang, Yang Yu. Multi-agent dynamic algorithm
configuration[J]. Advances in Neural Information Processing Systems, 2022, 35: 20147-20161.
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