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Introduction Online Decision Transformer Benchmark Comparlson
Recent works such as Decision Transformer (DT, Chen et al. 2021 i i
. ( ) Stochastic POIICy dataset ODT (offline) ODT (0.2m) dopr IQL (offline) IQL (0.2m) d1QL
shows that offline RL problems can be casted as sequence modeling ,
. . T (CL ‘S ) _ N(u (S o ) ) (S o )) hopper-medium 66.95 + 3.26 97.54 +2.10 30.59 63.81+9.15  66.79 +4.07 2.98
problems and solved by supervised learning methods. O\At[S—Kt) B—K,t O\S—K.t; 5—Kt), Z0\S—Kt, 5Kt hopper-medium-replay 86.64+541  88.89+6.33 225  9213+1043 96.23+4.35  4.10
, walker2d-medium 72.19+6.49  76.79+230 4.60 79.89+3.06 80.33+2.33  0.44
| | Generate action based on recent K states and RTGs walker2d-medium-replay 68.92+4.79  76.86+4.04 T.94 7367+637 T7055+581  —3.12
The performance of offline RL however is bottlenecked by the halfcheetah-medium 42724046 4216+ 148  —0.56 47.37+0.29  47.4140.15 0.04
. . : . . Max-Ent Seauence Modelin halfcheetah-medium-replay 39.99 + 0.68 40.42 + 1.61 043 44.10+1.14  44.14+4+0.3 0.04
dataset properties and often requires online finetuning for best 9 9 ant-medium 01.33+4.13  90.79+580 —0.54 99.92+586  100.85+2.02 0.93
results. . : T ant-medium-replay 86.56 + 3.26 91.567 + 2.73 5.01 91.21 + 7.27 91.36 + 1.47 0.15
min J(0) subject to Hy |a|s,g] > sum 605.02 49.72 597.66 5.56
5 : : : :
: . . : - (Q) neaative loa-likelihood of seaquence data antmaze-umaze 53.10 £ 4.21 88.5 +5.88 354  87.1+281 89.5 + 5.43 2.4
We propose Online Decision Transformers (ODT)’ an RL algorlthm ] J J . antmaze-umaze-diverse 50.20 £+ 6.69 56.00 + 5.69 7.99 64.4 + 8.95 56.8 + 6.42 -T7.6
based on supervised sequence modeling that blends offline 7(6) 1 1 (als, g)] sum 144.5 43.39 146.3 —5.2
.. : : : . e = 7= ~T|— 10g TTg\a|S
pretraining with online finetuning in a unified framework. 1 K “(asg) ; EELSS
==K — | S_ _ : . : :
% E(asg)~T1— 2k1 108 To(ak|S—K k) 8K k)] Baseline: Implicit Q-Learning (1QL, Kostrikov 2021)

ODT enables stable online learning while retraining the simplicity of : : : L Absolute performance: ODT is comparable
simple supervised learning, no return optimization ) : : :
sequence mode“ng. Flnetunlng Gain: ODT is much better

- Hg[a|s,g] sequence-level policy entropy

Base Model Hy [als, g] = %{E@ag)“f [H[mo(als, g)]] Ablation Study
=% ]E(s,g)~7' [Zk=1 H[WG (ak|S—K,k7 g—K,k)]]

.. i hopper-medium-v2
Decision Transformer (Chen et al. 2021) models a trajectory t as

. . 100_
(RTG, state, action) sequences. - B -dim(action)
90 -
RTG (return-to-go) g, = ZLTIL,:TU Offline Pretraining + Online Finetuning X
Algorithm 1: Online Decision Transformer £ 70
)
1 Input: offline data Jofmine, rounds R, exploration RTG goniine, L 6o
buftfer size IV, gradient iterations /, pretrained policy 7y g 50-
2 Intialization: Replay buffer Teplay < top IV trajectories in " 0.
Co Joffline - 50. — Stochastic
3 for round = 1, .= R do —— deterministic
// use randomly sampled actions 20
Trajectory 7 < Rollout using M and ¢ (+|s, g(gontine ) )- online samples le6

Treplay <— { Treplay \ {the oldest trajectory}} | J {7}.

mg < Finetune ODT on Jrepiay for I iterations via Stochasticity is important to enable stable performance

Algorithm 2. , . . o
: — iImprovement in online training
return state action
Algorithm 2: ODT Training hopper-medium-v2
DT archi Ch . 202 - . 100- 0 A PO AR, — hindsight: =
arehitecture (Ghen etal. 2021) 1 Input: model parameters 0, replay buffer Jiepay, training o E:ﬂjﬁ:gﬂﬁ EE _ 2388
iterations I, context length K, batch size B 90- — hindsight: RTG = 7200
DT generates return-conditioned policies. 2 Compute the trajectory sampling probability E —— hindsight: RTG = 8400
p(T) — |T|/ZT€T ‘7-‘ o 8- n® No h?nds?ght: RTG = 4800
Rollout o fori=1 . Ido | e e S
1. Specify the desired return g, and an initial state s;. 4 Sample B trajectories out of Jrepiay according to p. o R By adie JAHBEC Ll 1 NoO hindsight: RTG _ 8400
2. Generate a4, execute it and then observe s, and r;. 5 for each sampled trajectory T do S 60 [ LU E AR
3. Compute g, = g, - ;. Now we can generate a,. // Hindsight Return Relabeling
4. Repeat until the episode terminates. 6 g < the RTG sequence computed by the true 50 -
rewards: g = Y7, 1<t < 7). , . . . . .
- : : 00 02 04 06 08 1.0
7 (a, S, g) «<— a length K SUb'traJeCtory llIllfOI‘Inly online samples 1e6
~ sampled from 7.
8 | 0 <« one gradient update using the sampled {(a, s, g)}s. Hindsight return relabeling is critical for correcting bias in

collected data

hindsight return relabeling - use observed return instead of target return
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