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Deadly Triad issue of TDs:
1. Bootstrapping
2. Off-policy learning

3. Function approximations
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Figure 2: Examples of decay
schedules.

Figure 1: Illustration of the Scheduled Sampling approach,
where one flips a coin at every time step to decide to use the

true previous token or one sampled from the model itself.
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Decision Transformer
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Figure 1: Decision Transformer architectureﬂ States, actions, and returns are fed into modality-
specific linear embeddings and a positional episodic timestep encoding is added. Tokens are fed into
a GPT architecture which predicts actions autoregressively using a causal self-attention mask.
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Algorithm

Algorithm 1 Decision Transformer Pseudocode (for continuous actions)

R, s, a, t: returns-to-go, states, actions, or timesteps
transformer: transformer with causal masking (GPT)
embed_s, embed_a, embed_R: linear embedding layers
embed_t: learned episode positional embedding

pred_a: linear action prediction layer

= HHEHH

# main model
def DecisionTransformer(R, s, a, t):
# compute embeddings for tokens
pos_embedding = embed_t(t) # per-timestep (note: not per-token)
s_embedding embed_s (s) + pos_embedding
a_embedding embed_a(a) + pos_embedding
R_embedding embed_R(R) + pos_embedding

# interleave tokens as (R_1, s_1, a_1, ..., R_K, s_K)
input_embeds = stack(R_embedding, s_embedding, a_embedding)

# use transformer to get hidden states
hidden_states = transformer (input_embeds=input_embeds)

# select hidden states for action prediction tokens
a_hidden = unstack(hidden_states).actions

# predict action
return pred_a(a_hidden)

# training loop

for (R, s, a, t) in dataloader: # dims: (batch_size, K, dim)
a_preds = DecisionTransformer(R, s, a, t)
loss = mean((a_preds - a)**2) # L2 loss for continuous actions
optimizer.zero_grad(); loss.backward(); optimizer.step()

# evaluation loop

target_return = 1 # for instance, expert-level return
R, s, a, t, done = [target_return], [env.reset()], [], [1], False
while not domne: # autoregressive generation/sampling
i# sample next action
action = DecisionTransformer(R, s, a, t)[-1] # for cts actions
new_s, r, done, _ = env.step(action)

# append new tokens to sequence

R =R + [R[-1] - r] # decrement returns-to-go with reward
s, a, t = s + [new_s], a + [action], t + [len(R)]

R, s, a, t = R[-K:], ... # only keep context length of K




Result

i Game DT (Ours) CQL QR-DQN REM BC
Atar | Breakout 267.5+97.5 211.1 171 89 13894617
Qbert 1544114 104.2 0.0 00 17.3+14.7
Pong 106.1+8.1 111.9 180 0.5 8524200
Seaquest 2.5+ 0.4 1.7 04 0.7 2.1+0.3

Table 1: Gamer-normalized scores for the 1% DQN-replay Atari dataset. We report the mean
and variance across 3 seeds. Best mean scores are highlighted in bold. Decision Transformer (DT)
performs comparably to CQL on 3 out of 4 games, and outperforms other baselines in most games.

Dataset Environment DT (Ours) CQL BEAR BRAC-v AWR BC
Medium-Expert ~ HalfCheetah 86.8+1.3 62.4 53.4 41.9 52.7  59.9
Medium-Expert  Hopper 1076+1.8 111.0 96.3 0.8 271 79.6
Medium-Expert ~ Walker 108.1 £ 0.2 98.7 40.1 81.6 53.8  36.6
Medium-Expert  Reacher 89.1+1.3 30.6 - - - 733

O p e n M I Gyl I I Medium HalfCheetah 426 £ 0.1 44.4 41.7 46.3 374 43.1
Medium Hopper 67.6+1.0 58.0 02.1 31.1 35.9 639

Medium Walker 74.0+ 14 79.2 29.1 81.1 174 77.3

Medium Reacher 51.2+ 34 26.0 - - - 489

Medium-Replay  HalfCheetah 36.6 = 0.8 46.2 38.6 47.7 40.3 4.3

Medium-Replay  Hopper 82.7+7.0 48.6 33.7 0.6 284 27.6

Medium-Replay ~ Walker 66.6 £ 3.0 26.7 19.2 0.9 155  36.9

Medium-Replay  Reacher 180+24 19.0 - - - 5.4

Average (Without Reacher) 74.7 63.9 48.2 36.9 34.3 46.4

Average (All Settings) 69.2 54.2 - - - AT

Table 2: Results for D4RL datasets®. We report the mean and variance for three seeds. Decision
Transformer (DT) outperforms conventional RL algorithms on almost all tasks.



Discussion

Does Decision Transformer perform behavior cloning on a subset of the data?

Dataset Environment DT (Ours) 10%BC 25%BC 40%BC 100%BC CQL
Medium HalfCheetah 42.6 £ 0.1 42.9 43.0 43.1 43.1 444
Medium Hopper 67.6 1.0 65.9 65.2 65.3 63.9  58.0
Medium Walker 740t 14 78.8 80.9 78.8 773 792
Medium Reacher 51.2+34 51.0 48.9 58.2 584  26.0
Medium-Replay  HalfCheetah 36.6 = 0.8 40.8 40.9 41.1 4.3 46.2
Medium-Replay = Hopper 82.7+7.0 70.6 08.6 31.0 27.6  48.6
Medium-Replay ~ Walker 66.6 = 3.0 70.4 67.8 67.2 36.9  26.7
Medium-Replay  Reacher 18.0£24 33.1 16.2 10.7 5.4  19.0

Average 56.1 56.7 52.7 49.4 39.5 435

Table 3: Comparison between Decision Transformer (DT) and Percentile Behavior Cloning (%BC).



Discussion

What is the benefit of using a longer context length?

Game DT (Ours) DT with no context (K = 1)

Breakout 267.51+97.5 73.9 £ 10
Qbert 15.1+11.4 13.6 £11.3
Pong 106.1 + 8.1 2.5+0.2
Seaquest 25+04 0.6 £0.1

Table 5: Ablation on context length. Decision Transformer (DT) performs better when using a longer

context length (K = 50 for Pong, K = 30 for others).



Discussion

Can transformers be accurate critics in sparse reward settings?
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Figure 5: Left: Averages of running return probabilities predicted by the transformer model for three
types of episode outcomes. Right: Transformer attention weights from all timesteps superimposed
for a particular successful episode. The model attends to steps near pivotal events in the episode, such
as picking up the key and reaching the door.
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