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The stream of tasks

Real world scenarios
where multi-agent
datasets are provided in
a sequential manner.

¢ Continual Reinforcement Learning

Effectively learn from a sequential stream of tasks in open-ended environments,

by preserving and reusing knowledge (e.g. skills) among agents and tasks.

® In MA: harder transfer due to agent knowledge combinatorial explosion

o In Offline: inter- and intra-task distributional shifts




Related Work LAMDL\

Learning And Mining from DatA

http://www.lamda.nju.edu.cn

e MARL
o« - ]E ~T T Tk Y )
Value Implicit M1 = 818 A% Barn (| @™ (7 a)]
Decomposition Constraint st. Dxr(m || p)lr] <e.
* Advantage weighted regression(AWR)
[ Q" (o, a) Zw’(o +b(0),
Implicit Constraint with Vot Zw (0)V(o') + b(o),
closed form optimal policy

(OMIGALY) w' > 0,z ~1,.
Q;ﬁkot(oa a') —u* (O) 1
«

W:ot(a’|0) = pitot(@lo) - exp

A’\/_\—-—\/_\J

[1] Wang, X. et al. Offline multiagent reinforcement learning with implicit global-to-local value regularization. NeurIPS, 2023.

(O8]



Related Work

e (Continual RL

Specnf ied
Task

Feature
Extractor

Specn" ied
Head

N a

TRAIN TEST

Unknown
Task

Feature
Extractor
Bandit o
Algorithm
J

LAVIDA

Learning And Mining from DatA

http://www.lamda.nju.edu.cn

Parameter isolation (OWL!?])
Regularization

Gradient Projection Based
Hypernetwork; Task embedding
...... (Mostly simply adapted)

e Skill Discovery: learning action chunk for guiding decision-making

Learning skill embedding via
Coordination Skills
3
Discover | —— —— e * VAE, hVAE (e.g. ODISB))
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[2] Kessler, S., et al. Same state, different task: Continual reinforcement learning without interference. AAAI 2022. 4

[3] Zhang, F., et al. Discovering generalizable multi-agent coordination skills from multi-task offline data. ICLR, 2023.
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e Offline Multi-agent Continual Skill Discovery

— Learning from MA dataset stream effectively by discovering, preserving

and reusing skills
* Dec-POMDP (Single-task)
M =(N,S,AQ O,R,P,~),
e Offline Continual MARL with Skills
— Learning from an infinite stream of tasks ~ My, Mg, My, ---
— Skill z, from a finite set Z%,, for each agent i and task m
— Task bounded setting: finite skill conditioned policy Win(ai|0i, zfn)

— Objective: maximizing performance Jm(mm) on current task while maintaining

performance on old tasks Jx(7mm) > L
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e New skills from agent team evolving & task scenario altering

— Discover novel skills

— Partition different skills

— Selectively reuse skill for effective transfer

— Theoretical analysis
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Method.2 Skill Partition and Reuse

® Multi-head arch for handling

multi-modal action distribution

Action Decoder: an(aih'i; 217;) = GZ(F(Ti, lec)),
Skill Encoder: pm(zlilT z) = G’i (F(7, lec))
Confidence: Ex(s) = GE(FF(s))

e Augmented Advantage Function
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* Augmented Advantage Function AF (5) = Eﬁkdg (5)( ;
m =1 Bidi(s
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Losses for Continual MA skill learning

Lsrzl = _]E(s 7488~ D eh W {20 FTE o A5 LNCE — ]ESNDk [lOgU(Enk (S))]
[ ( (s, 0, a’, {zk}kzl)) '10g7Tm(a |T* 7z:n)] o ES‘NP [log U(_Enk (5_))]
* Augmented AWR « NCE for density estimation (%) = == +e z

L, Loss . ; 4
A

LF = )\reg”eF,m - 9F,1||§7 hi_y GRU hi

Self-Attention
* L2 loss for feature extractors +

(o, at)




Method.3 Overall Pipeline

Learning And Mining from DatA

http://www.lamda.nju.edu.cn

Algorithm 1 COMAD Training

1: Input: Offline Datasets D = {Dy,..., D} (Sequentially)
2: Initialize: Feature extractor F, critics @), V, mixer w, b, target networks, density estimator feature extractor FE.
3: for task m = 1to M do

4:  // Head Expansion
— 5. ifm =1then
6: Allocate heads GT,G%,GE.
7: Set active head index k* < 1.
8: else : Titvre
_ o Evalunts svpocied sime demsity 3 2 Bo . T4, (o) Toroldheads £ < va.” 3 Directly evaluate reusability:
Retrieve | 10 1 if3k:dy > do then |
] 11: | Reuseold heads: k* + arg maxy E[dy(s)]. ! Estm [dk (S)]
& Allocate | 10 "else " TTTTTTToITRttmmmmmmmmmmes i
13: Expand new heads GT,, G%,, GE . ~evaluation
14: Set active head index k* < m.
15: end if
_16:  endif
17:  // Optimization Loop
—18:  for sampled batch B ~ D,,, do
19: Update @, V, w, b by minimizing critic losses in Equation (2) and (3).
20: Update local encoder pg+ by minimizing KL loss in Equation (6).
21: Calculate NCE loss Lyc g via Equation (10).
22: if m = 1 or in Stage 1 then
23: Ly 4 < vanilla policy loss in Equation (5).
24: else
25: Ly 4 < skill-augmented policy loss in Equation (11).
Optlmlze J 2e: AI.)ply regularization: Ly g < Ly g+ Aregll0F,m — 07,1113, LvcE < LncE + Areg|l0Fe m — OFE 1|13
27: end if
28: Update state density estimator Ey- by minimizing L yoE.
29: Update action decoder 7+ and global encoder g~ by minimizing L .
30: end for
31:  ifm =1 then
32: Save checkpoints 01 and Op= ;.
33:  endif
34: end for
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e Formulation: sequential behavior constrained Dec-POMDP

— with skill-conditioned policies II(Z,,)

max I (Tm) = BmDr L (T || o) “maximizing performance on
T €1(Zm) current task while maintaining
st Jk(mm) — BrDkr(Tm||pr) performance on old tasks”
> Ji(mk) — B Dk r(7k || k) — Ok, L

Vke{l, - ,m—1},

m
e Main result: m,(a’[0", zy,) o< exp (Z A% (s)log 7ty (a'of, Zi;)) :

k=1
where Ak*(s) = %‘%, 7*(a?|o?, 21) = exp (#AZ’*(OZ', a') + log pi (a*|o?, z}c)) is the single task optimal
policy, A, = 1,and A\, k = 1,--- ,m — 1 are Lagrange multipliers satisfying

Me[(T(mm) — Be D (mm | 2x))
— (Ji(mk) — Be DL (mk||ek) — 6x)] = 0. (21)
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e Main result:
’ A(z A B e Theoretical Optimal
k% i ‘ l skill prior Behavior Coupiled Solution
. (a* ) X exp Z AR (s)log 7p* (a']of, L) | A(4Y) Decoupling A(f ) R
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* The optima are geometric mixtures, with Lagrange multipliers as skill gates.
o Skill gates (reusable) + visitation frequency (confident) -> reusability

— Select skills that are conflict-free, then mix. Maintain modes.

¢(p)

Z’ka¢ qk)- » logp = Zwk loqu,’

e Essence: KL as Bregman Divergence D¢(p||q

min, Y wiDo(pllae), Sy wi = 1, W V('

KL: ¢(p) =Y plogp "
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e Environments

5 Agent 1

e Q—. Agent 3

O
- ra /
Q °

Agent 2

S;

(a) Level-based Foraging (b) Cooperative Navigation (c) SMAC & SMACv2 (d) MAMuJoCo (Ant 4x2)

* Baselines: skill discovery(ODIS, HiSSD);
Continual RL(EWC, OWL); Vanilla (multi-task, fine-tune, from-scratch, Rehearsal)

e Metrics:  Average performance P(t) := ﬁzgi 1 Pr(t).

Forward transfer FwT, = % fo(k_l) A(pr(t) — pi(¢))
Backward transfer BwTy = pi(T') — pr(kA) ~—- Reference
—— Method
Reported: P =P(T) FwT = & SV FwT, BwT = + 22/[:1 BwTj —— Maximum
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e Environments

— Task stream:

e LBF: BottomLeft, Bottom, BottomRight, Right, TopRight

CN: CN-2, CN-3, CN-4, CN-5

SMAC: Marines sequence, SZ sequence

SMACV2: Protoss, Zerg, Terran

MaMuJoCo: Reward; Dynamics

— Data quality: Expert, Medium
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* The necessity of multi-head arch for handling multi-modal action data
Pdata X N(—z, 1) +N(2, 1)
Pmodel X N(,Ull, 1) + N(,LLQ, 1)
d(,ula ,uZ) = Dgyp (pdata“pmodel)a

* Global Optima
23 Saddle Point
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0.800

8

£ 0.293

o

'g 0.107

R 0.039

< 0.014
0.005
0.002
0.001

258

(a) The KL divergence objective and its gradients

U1 = Uy: Fail to identify modes, collapse

free uq, u,: Gracefully fitted

= = m m Theoretical Optimal
Coupled Solution

(b) Two solutions
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Table 1. Average performance + std of different algorithms on task streams from LBF, CN, SMAC, SMACv2 and MAMuJoCo
environments. The best performance is marked in bold for each task stream. All results are based on 5 distinct seeds and 32 episodes per
seed on each evaluation step. "Overall" means the averaged performances of one algorithms over all task streams.

Task Stream | Dataset | COMAD(ours) | MT FS FT | EWC OWL Rehearsal | ODIS-FT HiSSD-FT
Expert 99.26 + 0.08 | 79.26 +0.14 20.00 £ 0.00 7.83 £6.72 13.30 £ 0.53  98.65 + 0.35 97.07 £0.66 | 1648 £2.86 19.17 £1.70

LBF Medium | 65.08 £1.34 | 4849+ 1.72 16.14 £0.71 7.86 £+ 4.00 745+326 37.83+13.78 66.79+1.15 | 7.06 £0.71 7.37 £ 1.26
Expert 7849 + 041 | 69.60 =2.06 69.35+0.93 69.10+1.84 | 67.18£3.71 6459+1.74 7260+ 1.01 | 67.26 £0.75 63.23 £2.16

CN Medium | 47.05£2.03 | 32.33 £3.38 59.51 £0.60 60.67 +1.04 | 55.18 1.43 33.33 £2.21 39.81 =135 | 1048 £1.25 12.06 + 2.01
. Expert 94.05 +0.83 | 48.63 =049 53.84+4.81 53.66+491 | 58.84+508 9252+0.97 4245+2824 | 17.83+0.70 14.51+0.20
Marines Medium | 55.54 +0.66 | 34.63 £1.46 51.50+3.37 18.15+17.84 | 3691 348 48.19 £ 241 1.10 £+ 0.69 31.79 £4.23 35.06 +1.61
Expert 7220 £ 0.77 | 42.66 £0.99 9.90 + 0.46 1038 £3.72 | 1484 +142 7749+0.29 7140099 | 1783 £1.07 27.61 £0.82
Stalker-Zealot | Medium | 45.20 +1.89 | 52.96 + 1.08 10.74 & 1.37 9.75 £2.00 16.65 £ 7.67 52.54 £3.25 234542237 | 3513 +£097 31.07 345
Protoss Medium | 59.77 £1.76 | 4740 £0.73 24254+0.82 21.00£1.14 | 23.56 £1.17 57.05+0.28 4490 + 1.27 839+099 18.04 £2.71
Zerg Medium | 59.98 + 2.31 1197 £220 34204+149 35924022 | 3570+1.32 56.89+145 22.10£21.18 | 422 £2.99 9.77 £9.10
Terran Medium | 57.35+1.60 | 4474 +1.03 37.54+120 35374213 | 38.82+124 5509+ 1.34 2421 4+7.78 | 1037 £8.11 4.66 +1.74
Expert 7775 +4.64 | 63.73 593 10.18 £ 1.30 5.09 £ 1.06 1545 +£1.56 75.46 £+ 5.08 5.33+3.73 8.20 £ 1.76 2.55+047

Reward Medium | 62.16 + 3.22 30.24 £5.35 11.55+2.06 9.01 £0.22 10.58 = 1.00 58.15 + 3.10 11.53 £2.13 | 11.23 £0.64 1195+ 1.17
) Expert 46.66 £ 0.96 | 55.28 +4.27 2324+153 1948 £0.53 | 15.65+1.23 46.94 +4.31 1477 £1.37 | 1456 £1.52 16.86 &+ 1.30
Dynamics Medium | 44.54 +3.73 53.14 +5.53 19.52+1.05 1572+£0.23 | 16.54 £0.63 42.87 +£2.45 1639 £3.78 | 16.03 = 1.81 16.70 £ 1.27

Overall | 634 | 4767 30.10 2526 | 28.44 59.84 3693 | 1846 19.37

COMAD(Our) performs the best;

Skill discovery methods with static skill libraries (ODIS, HiSSD): plasticity loss;
e Monolithic (MT, FS, FT, EWC, Re): catastrophic forgetting due to gradient conflict;

e Parameter isolation (OWL): poor knowledge reuse and transfer
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(a) Marines medium (b) Zerg medium
: Plasticity loss

OWL: Poor forward transfer

COMAD(Our) performs the best;
Skill discovery methods with static skill libraries (ODIS, HiSSD): plasticity loss;
Monolithic (MT, FS, FT, EWC): catastrophic forgetting due to gradient conflict;

Parameter isolation (OWL): poor knowledge reuse and transfer
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Forward transfer via common

skill: Focus Fire

Backward transfer via finetuned

- skill: Disperse
7m_vs_8m

0.75
020 * Learn new skill: Positioning

0.25

Stage 2

Stage 1

0.00
80K 85K 90K 95K 100K 105K 110K 115K 120K

Train on task Sm_vs_6m Train on task 7m_vs 8m

Training Steps
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Figure 5. Metrics of ablation studies on CN-expert task. .
J : mainly backward transfer
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* Reusability estimation (w/o

0
(a) Average Performance (b) Forward Transfer (c) Backward Transfer Delta) affect mainly forward

Figure 7. Metrics of ablation studies on Marines-expert task. transfer on complex tasks
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Figure 8. Sensitivity analysis of the noise scale os on CN-expert task.
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* Non-zero g for identifying tasks
Ex

BwT
D o v A o

e Low threshold -> unselective
* High threshold -> strict

Figure 9. Sensitivity analysis of the confidence threshold do on CN-expert task.
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* The space of coordination skills in MA task stream grows exponentially

e A principled framework for Continual Offline Multi-agent Skill Discovery via
Skill Partition and Reuse

— VAE-based skill encoder and library
— Skill-augmented objective & reusability estimation

— Theoretically grounded

e Future:

— LLM based semantic reusability + visitation frequency

— Embodied Al
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Thanks !
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