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Multi-Task Reinforcement Learning



Multi-Task Pretraining RL  High Variance in Importance Sampling Gradient Conflict in
Multi-Task Reinforcement Learning

m Single-Task Reinforcement Learning (STRL): to train a specialized policy from
scratch to achieve optimal performance on a specific task.

m Multi-Task Reinforcement Learning (MTRL): to learn a single, general policy
that solves multiple related tasks by leveraging their commonalities to improve
overall learning efficiency and generalization.

Advantages of MTRL

Improved Learning Efficiency and Performance

Enhanced Generalization and Transfer Learning

Learning of Effective Shared Representations
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Multi-Task Pretraining RL

Space Invaders Asteroids Breakout Bank Heist

m Environment Setup: Atari 2600
games, each containing various game
variants that alter gameplay. And the
underlying dynamics of the
environment do not change much.
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Key Challenges in MTRL
= High Variance in Importance Sampling: In asynchronous MTRL, significant
policy lag between actors and the learner causes the importance sampling
correction ratios to explode or vanish.
m Conflicting Gradients: Different tasks often suggest opposing gradient updates to
shared network parameters, making simultaneous optimization difficult.

Taiga A A, Agarwal R, Farebrother J, et al. Investigating multi-task pretraining and generalization in reinforcement learning[C]. 2023.
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Importance Sampling: Single-Step vs. Trajectory Correctior é‘f

m PPO: Single-Step-Level Importance Sampling
m The difference between the target policy 7y and the behavior policy 7y, is small, it’s
only necessary to correct the single-step update
m Applies a clipped, single-step importance sample ratio to the objective function.

o (at | St)

[LP() = T, {min (rt(Q)At, clip (r(0),1 —€,1+4¢) At>:| ,n(0) = o, (ar ] st)

m Trajectory-Level Importance Sampling
m To correct a trajectory’s value across large policy differences, Importance Sampling
requires re-weighting it by the ratio of its probabilities under the target m and behavior
w policies.

P(t|m) P(so) [T, m(ais0)P(se41]st, ar) ) H m(ais:)

P(t|u) — P(s0) IT; ilad s) P(sera|se, ar) —0 p(ayse)
m Issue: This product of importance ratios over many time steps (e.g., T— 1 steps)
leads to extremely high variance (exploding or vanishing values), making learning
unstable and often impossible.
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IMPALA: Importance Weighted Actor-Learner Architectures

Obscrvations m Pre-training: A single, shared IMPALA agent is
trained on N variants from the training set.

Observations

Parameters m IMPALA: Consists of a set of actors, repeatedly
Q @ Parameters generating trajectories of experience, and one or
more learners that use the experiences sent from

‘ actors.
Q Q Observations

m V-trace controls the variance through double clipping: v, = V(x;) + ZPI ~ (HHI ci) 6V

t=s i=s

m TD-error: 6;V = pi(r: + YV(x4+1) — V(xt)), clipped weight for the TD error: p; = min (ﬁ, %)

clipped weight for the temporal-cumulative error: ¢; = min (’ M)

R A E)
m Critic update: (v — Vo (x5)) Vo V(x;)
m Actor update: p,V,, log ., (as|xs) (rs + yvsy1 — Vo(xs))

Espeholt, Lasse, et al. "Impala: Scalable distributed deep-rl with importance weighted actor-learner architectures. "International conference on machine learning.

PMLR, 2018
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» Fine-tuning: The parameters from the pre-trained model are used as initial weights
for a new agent. This agent is then fine-tuned online for previously unseen variants.

Zero-shot Performance

Asteroids
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Multi-task pretraining effectively
improves generalization.

The advantages of high-capacity
networks are prominent in MTRL.
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Gradient Conflict in MTRL

m In MTRL, the problem of gradient conflict arises when multiple Weights Conflict
different but related tasks share a single policy/value network.
optimal policy: 7* = arg maxy B, y(r)Earr Do 7'7] %
aggregated gradient: § =E__,\VL1(0) = %}Zf; gi(0) @ Contict wighs

» Harmony Score on a Single Weight: (g; ® g); = gij X §; Gharmony
Meaning: The consistency between a single task’s gradient @
direction and the average gradient direction(for 2)1 given weight j. | 9o gm)y

8i08); —

= Average Harmony Score: - SN K 2 ll5]
Meaning: A single value that measures the overall degree of harmony across all
weights and tasks.

m Task masks (composed of 0 and 1): g; = VL, (fOM) oM, i=1,2,....N
Meaning: applied to the global parameters and gradients to derive the task-specific
parameter gradient.

How to determine the task masks?
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Scaling Decision Transformer for Multi-Task RL

ey St i ST Appiin Tk Bi-level Optimization Framewor
e © O oo
ain i 1 i ] m Upper-level Optimization (Eq.
*@ Casal Transfomer ‘ 1): Learns the optimal set of task
EmOOOOOO masks.
- ore OOOOOEE m Inner-level Optimization (Eq.

2): Learns the optimal model
parameters, conditioned on the set

max  Briop7) [Z YR (s,, ™ (T,i“,pm | G*T"))] , of masks M provided by the upper
=0 level.
¢Y)
st. 0" = argminErp) Lor(0, M), (2)
0
where  0°T = ¢* © M", M = {MT‘} NG
Tirvp(T)

Hu, Shengchao, et al. "7HarmoDT: Harmony Multi-Task Decision Transformer for Offline Reinforcement Learning.” International Conference on Machine Learning.



MTRL Multi-Task Pretraining RL  High Variance in Importance Sampling Gradient Conflict in

Upper-level: Find Harmony Subspace

Algorithm 2 Mask Update
HarmoDT Applied on Task T Tnput: A sct of tasks T, a set of task masks M, trainable weights
vector 6 and hyper-parameters {, a }.

[ 000 @ @ @ ] rorgi K 'v':,'.,‘(f»f‘}m) oMT
1 1

i & = VLr, (0).
endfor
L ) Proteciive Masks Em N i %’:
[ 2 T Casual Transformer
@\ \[ Mask Update g
I ] Calculate H(T:) with A, g and & as Sec. 4.1.

e @ @ @ @ @ M7 = M7 - ArgBtmK,, (H(T:)).

MT =M + ArgTopK,,, (g © 8).

ClooloEXe000)

Output:M.

Weights Space Harmony Subspace

m Weights Evaluation: Calculate Agreement Score, Importance Score and Harmony Score.
Agreement Score: A(T;) = § ® % >~ , & Importance Score:Ix(r;) = (Vlog L, (07) © M™%

A(ri) + Me(ri) /), (MT); =1,

00, (M™); = 0.

= Weights Masking: M" = M”' — ArgBtmK o, (H(T))

Harmony Score: H(7;) =

= Weights Recover: M" = M" + ArgTopK,, 8O+ Y g)
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Inner-level: Prompt Decision Transformer

1 Method | Meta-World 50 Tasks
1 - - -
Harmony Subspace Finding H HarmoDT Applied on Task 75 #Partition | Near-optimal_Sub-optimal_Params
1 CARE (onlinc) 16121130 . 126M
1 0O @ @ PaCo (online) 54.3111.32 - 339M
1 Soft-M (online) 162M
: T 1 T D2R (online) 1.40M
H MTBC s 174M
@) Protcive Masks H MTIQL , 174M
/ H Casual Transformer MTDIFE-P
MaskUpdate MTDIFF-P-ONEHOT
MTDT
MTDT* 65804102 o 1
° Prompt-DT 45.6841.81 39.761279 087M
Prompt-DT* 69330050 48405015 147M
[@@@o 0o @ HarmoDTR (ours) | 75395, 15 53801, 0, 147M
Weights Space Harmony Subspace HarmoDT-M(ours) | 80331007 57.20:073 147M
HarmoDT-Fours) | 82205040 57200065 147M

m The inner-loop for task parameter optimization uses the Prompt Decision Transformer algorithm.

t input ~ N
1 Z 2 TP = (st Al P e, ST, Al e
ﬁDT — ETinputN,D_ o (ai,m (7'1'*7 Ti,m)) Al,t ( 1,19 91,1y 4i,1» s M, K 7A i,K* > ¢i,K
it ! m=t—K+1 Vit—K+4+1y Si,t—K+15 Qijt—K4+1y - - - 5 Vijty Sijty ai,t)

01 = 0 — ET o VLT (9 ® MT") oM
m For unseen tasks that differ from training tasks but share identical states and transitions:

. 0, Zil M,; < thresh

1, YV, My > thresh

j =
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GAN-based VAE-based
Generative Pre-trained RL

Features of Generative Pre-trained RL

m Generative Skill Representation: skills are encoded into a latent space, where
sampling a point can generate a complete, coherent behavior.

m Hierarchical and Modular Architecture: uses a high-level policy to call and
combine a pre-trained, low-level skill policy to solve complex tasks.

m Knowledge Freezing and Reuse: the pre-trained low-level skill model is frozen,
and the high-level policy adapts to new tasks by learning how to command it.
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GAN-based Pre-trained RL

1. Pre-Training Stage: Learning Low-Level Skills

m train a low-level skill-conditioned policy 7(d|s, z) that maps
latent variables z to behaviors resembling those in the dataset.
Training objective combines imitation and skill discovery:

max —Dss(d" (s, s/)||dM(s, ) + BI(s,s'; 2|)

= Imitation Objective: achieved through a GAN-like
discriminator D(s, s')

mgn _EdM(s,s’) [log D(S, sl)] |\ IEd”‘(s,s’) [log(l - D(S, S/))]

= Skill Discovery Objective: develop a diverse set of skills by
maximizing the mutual information between the latent skill
variable z and the resulting behaviors:

max BI(s, s'; z|7) = I(s,s'; 2|7) = H(z) — H(z|s, s, )

—H(zls,s',7) = Ep(2)p(s,o |,z [log p(z]s, s, )]

Peng, Xue Bin, et al. "Ase: Large-scale reusable adversarial skill embeddings for physically simulated characters.” ACM Transactions On Graphics (TOG) 41.4 (202m
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GAN-based Pre-trained RL

2. Task-Training Stage: Reusing Learned Skills

m Hierarchical Control: after pre-training, the low-level
policy m(als, z) is fixed and reused as a low-level
controller.

= High-Level Policy: for each new downstream task, a
task-specific high-level policy z = w(z|s, g) is trained.

= High-Level Action Space: the high-level policy’s action
space is the unnormalized latent space z, allowing it to
balance exploration and exploitation by adjusting the mean

""""" oo . of its sampling distribution: w(zls, g) = N (pw (s, 8), Zw)

Units: 1024 1024 512 Units: 1024 1024 512 yan N / N\
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VAE-based Pre-trained RL

m Primitive-level training (PMC)
Using the VQ-PMC pre-training method,
the robot learns lifelike basic
movements—like walking, running, and
jumping—by imitating animal motion data
via RL.

= Environmental-level training (EPMC)

A new network is trained on top of the
pre-trained primitive model to handle
environmental inputs. It uses multi-expert
distillation to merge various expert skills
into a single model for complex traversal
tasks.

m Strategic-level training (SEPMC)

Reuse the PMC and EPMC networks to
train a multi-agent reinforcement learning
ing and generative pre-trained models” Nature Machine Intelligence 6.7 (2024): 787-79 control algorithm.
13 /18

Han, Lei, et al. "Lifelike agility and play in quadrupedal robots using reinforcement learn-
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VQ-PMC

m VQ-PMC Borrows from VQ-VAE: Using Discrete o1 i o [codebook
Latent Space Embeddings to Generate Actions

earest feighbou
ot feich Environment:
Discrete latent MAX on flat terrain
embeddings -
e e o o v

Vector quantization

m VAE: Uses a neural network to find a non-linear
latent representation of a given data distribution. The
network consists of an encoder and a decoder.

H
=
5
8
3

T,
I
‘o~ Zl|uiwbie = y 2

Joint positions and joint velocities
-Base linear velocity and angular veloci

Frozen and copy to
- Gravity vector

2 VQ-PMC
L = ||x — decoder(z(x))|[2 + KL(z(x)||p(2)) sl
m VQ-VAE: A discrete latent space representation; ‘ T
consists of an encoder, a decoder, and a codebook. S, N
m It extends the standard autoencoder by = £ am - <. I
adding a discrete codebook component. iR <o
Encoder Posterior categorical distribution: Decoder
L= ||x — decoder (ze(x) + sg (zq(x) — ze(x))) || o = exho {; o § = scgn s - sl

+ alsg (2() — 24(x) 5 + 8|2 — sg (=) [
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Embodied Intelligence

m Embodied intelligence is the computational approach to the design and
understanding of intelligent behavior in embodied and situated agents through the
consideration of the strict coupling between the agent and its environment,
mediated by the constraints of the agent’s own body, perceptual and motor system,
and brain.

m This technology is considered an important pathway to Artificial General
Intelligence (AGI).

. B <
» Morpholoﬂj‘ Action Generation Based on Morphology

' 3

o (2]
(3] > Action ) (4]
o © o |0
== Perception | % Learning )=

Liu H, Guo D, Cangelosi A. Embodied intelligence: A synergy of morphology, action, perception and learning[J]. ACM Computing Surveys, 2025, 57(7): 1-36. 15 /18

Morphological Control Based on Action

Perception-Driven Morphology Transformation

Learning-Driven Morphology Optimization

Perception-Driven Action Generation
Action-Driven Perception Improvement

Action-Driven Embodied Learning

@Q0ee®EeO

Action Generation Based on Learning
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Embodied Intelligence

Deep Evolutionary RL:

Lifetime learning

DERL framework

DERL

Outer Loop - Evolution

= Mutation Operations: The morphology is
altered through a set of mutation operations,
including adding or deleting limbs and
modifying physical parameters.

Outer Loop: Evolution

Delete limb :‘_i\\—_
;L_/\\_— Limb params i\
S\

Add limb(s)

Morphology Mutations

Gupta A, Savarese S, Ganguli S, et al. Embodied intelligence via learning and evolution[J]. Nature communications, 2021, 12(1): 5721.



Embodied Intelligence DERL

Deep Evolutionary RL: Inner Loop - RL

c Inner Loop: Reinforcement Learning
I m At each timestep, the agent individually encodes internal

me‘:;?f;'?ve and external sensory data. This is passed to a fully
connected layer that outputs two parameters for the neural
M controller. The controller’s policy is then optimized via
Height field PPO in a lifelong learning framework.
M m Use three progressively complex environments to evolve
o morphologies and learn agent controllers: (1) Flat Terrain
" boxes (FT), (2) Variable Terrain (VT), and (3) Non-prehensile

w Manipulation in Variable Terrain (MVT).
Goal — Fully connected layer

position
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Conclusion

I have talked about

m Multi-Task RL (MTRL):
Improves generalization by training on diverse tasks but must resolve the core
challenge of high variance in importance sampling and gradient conflict. Advanced
methods solve these by using IMPALA and identifying a shared harmony subspace”
for parameter reuse.

m Generative Pre-trained RL:
Boosts generalization by first creating a reusable library of low-level skills with
generative models (GANs/VAEs). A high-level policy then learns to combine these
skills to solve new, complex tasks.

m Embodied Intelligence:
As a key pathway to AGI, this approach integrates an agent’s physical morphology
with its control policy. Techniques like Deep Evolutionary Reinforcement Learning
(DERL) co-optimize the agent’s body via evolution and its “brain” via RL, creating
more adaptive agents.
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