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LA, 1. In-context RL

Algorithm Distillation (AD) >

Algorithm Distillation

Data Generation * train a causal transformer to predict actions given
| . . . .

Task u-t L AL algorithm preceding learning histories as context

Toskr | W) = (00, a0,70,01,01, 7. o7, az,rp)a| [ SE NS e cross-episodic trajectories

____________________________________

learning progress

* adataset of learning histories is generated by a source
Model Training

0 a r 0 a r 0 Predict actions using RL algorlthm
lo lO 1) --------- tll tll tll [ across-episodic contexts N T-1
— — AN N n n — N
Causal Transformer ———— | Py(a¢|hi—1,00) L(Q) — E E log PG (a - a’t |Tpror St ) ) Tpro - tt-1
n=1t=0

> Decision-Pretrained Transformer

(@

predict the optimal action given a query state and a

o~ | R R J:U:D:L MoC1-,D) prompt of interactions
! ' o : o) Oniine Exploration ¢ need expert policy to label actions
1 | e 1 "E=., .m0 °* robustto different dataset qualities
— N T

Squery ”;,-m’r_u

Offline Learning

L) = —zzlong(a =

n=1t=0

Nn*
t

n n n n
Tpro» St ) » Tpro ~D



PEES

NANJING UNIVERSITY

0o ap To.

......... Ot—1| [A+=1] | Tt=1 O¢

oo

Causal Transformer

T = (S, Ao,

Pick and place Reaching

Sweep into goal ~ Drawer closing

uuﬁ"i -

Door closing

Drawer opening

10, S1, A1, 11, -, ST, AT, T'T)

Window opening Pushing

Bl

Dial turning Peg insertion side | Basketball

189}

She[cing Swe nobject Levelling

Sururen

p—

—
—

—
=
Lo

=

Walker-Param

B 444

yyy

Ad d4d
Add 4

cosing similarity

task diversity and heterogeneity >

multi-modality in state-action-reward
sequence

states: physical quantities (position, velocity,
and acceleration)

actions: joint torques or discrete commands

rewards: simple scalars

task diversity and heterogeneity

some tasks are similar and others differ
significantly

intrinsic gradient conflicts in challenging
scenarios with significant task variation
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(dm, 2. Overview of T2MIR
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3, 2. Token-wise MoE

motivation: intrinsic multi-modality in state-action- Token-wise MoE
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(c) Task-wise MoE

motivation: task diversity and heterogeneity
some tasks are similar and others differ significantly

learning efficiency can be impeded by intrinsic gradient
conflicts in scenarios with significant task variation

router G,5i learns to assign tokens to specialized experts at
the task level
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Figure 3: Test return curves of two T2MIR implementations against
baselines using Mixed datasets
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Figure 4: Ablation results of both T2MIR-AD and T2MIR-DPT
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Figure 1: t-SNE visualization of expert assignments on Cheetah-Vel where tasks differ in quadrants (I-IV), comparing T2MIR-AD
target velocities. Left: token-wise MoE enables different experts to process tokens with (MoE) with AD (MLP).

distinct semantics. Right: task-wise MoE effectively manages a broad task distribution,
where the difference between expert assignments is positively related to the difference
between tasks.
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(dm, 4. Conclusions

Innovative Framework: This study introduces T2MIR, a novel framework that integrates the mixture-of-

experts (MoE) architecture into transformer-based decision models for in-context reinforcement learning
(ICRL).

Key Contributions: The proposed Token-wise MoE effectively handles multi-modal inputs by capturing
distinct semantics of input tokens. The Task-wise MoE manages a broad task distribution and reduces
gradient conflicts through specialized experts and contrastive learning-enhanced task routing.

Significant Advantages: T2MIR significantly boosts in-context learning capacity. It demonstrates

superior performance over various baselines across multiple benchmarks, proving its effectiveness in
advancing ICRL.

Future Prospects: An urgent improvement is to evaluate on more complex environments such as XLand-
MiniGrid with huge datasets, unlocking the scaling properties of MoE in ICRL domains. Another step 1s
to deploy our method to vision-language-action (VLA) tasks that naturally involve more complex input
multi-modality and task diversity.
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