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Abstract— Multi-task learning has expanded the boundaries
of robotic manipulation, enabling the execution of increas-
ingly complex tasks. However, policies learned through rein-
forcement learning exhibit limited generalization and narrow
distributions, which restrict their effectiveness in multi-task
training. Addressing the challenge of obtaining policies with
generalization and stability represents a non-trivial problem. To
tackle this issue, we propose a planning-guided reinforcement
learning method. It leverages a task-evoked planner(TEP) and a
reinforcement learning approach with planner’s guidance. TEP
utilizes reusable samples as the source, with the aim of learning
reachability information across different task scenarios. Then
in reinforcement learning, TEP assesses and guides the Actor
towards better outputs and smoothly enhances the performance
in multi-task benchmarks. We evaluate this approach within
the Meta-World framework and compare it with prior works
in terms of learning efficiency and effectiveness. Depending on
experimental results, our method has more efficiency, higher
success rates, and demonstrates more realistic behavior.

I. INTRODUCTION

In the field of manipulation, tasks often demand continu-
ous control, and progress has been achieved across various
scenarios, including opening caps, handwriting, assembly,
and manipulating deformable objects [1]-[6]. Researchers
have manually specified observation, action, and reward
functions [7], [8], guiding the agents through iterative ex-
ploration until they establish a stable and effective model
[8], [9]. However, in this approach, the action distribution
of the model remains narrow, and the transition probabilities
are relatively limited.

Previously noted, the specific settings encompassing ob-
servation composition, state dimensions, and reward func-
tions confine the scope of skill definition and application,
posing challenges when attempting to generalize their effec-
tiveness to different situations. In reality, robots often need
to possess a significant number of versatile skills [9] that
can perform precise operations across various scenarios and
tasks. To enable the widespread application of robots in real-
world, reinforcement learning algorithms are needed capable
of efficiently acquiring a wide range of skills throughout one
learning progress. Such requirements face the difficulty of
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dealing with various behavioral patterns and more intricate
transition models, which obstruct agents achieving multiple
tasks. Realizing robust generalization across a diverse task
set within a structurally unified policy network currently
stands a bottleneck in research. Multi-task reinforcement
learning, which leverages parameter sharing and reuse, is
considered a promising approach to tackle the issue [10]—
[16]. Nevertheless, it also faces problems such as imbalanced
action distributions, training instability, and incomplete trans-
fer probabilities [17], [18].

Fig. 1. Faced with a diverse range of tasks, policies tend to diverge and
transfer negatively at a certain point. The introduction of a unified target
space is anticipated to lead to improvements.

In the meantime, recent research has explored the use of
planning-guided reinforcement learning, which select differ-
ent output modes based on factors such as the length of
the visual horizon or the transferring of modeling methods
[10], [15], [19]-[23]. These approaches have demonstrated
promising results in robot motion planning and indoor navi-
gation, and have the capability to accommodate the inclusion
of new tasks to the existing task set. Such methods are
proved highly valuable in the initial stages of reinforcement
learning, as they facilitate effective exploration of the state
space, providing a substantial of exploration samples, and
contribute to stabilizing the training process. This offers
a novel approach for addressing the issues in multi-task
learning mentioned above.

In this work, we introduce the TEP (Task-evoked Planner)
and the TERL (Task-evoked Planner with Reinforcement
Learning) algorithm to address policy conflicts between dif-
ferent tasks and mitigate negative transfer during the learning
process and endeavor to establish a shared action space
across multiple tasks, encompassing the states and actions
relevant to accomplishing these tasks. The method combines
the strengths of planning and multi-task learning by leverag-
ing historical reusable information when learning new tasks.
It guides the agent to explore a shared goal space, reducing
behavioral divergence when unnecessary, as shown in Fig.
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1. Specifically, TEP is a motion planner trained on samples
with high task-agnostic priority and provides reachability
information between two spatial positions. Subsequently, we
incorporate this planner into the multi-task reinforcement
learning framework, where the policy network and the plan-
ner simultaneously receive inputs consisting of the current
state and a one-hot encoded vector representing the task ID.
The planner evaluates the attainability of the objective by
considering the reachability between the current state and
the goal state and gives the alternative actions when the
policy network’s decision proved to be inefficient. Through
this approach, we preserve reusable samples from previous
tasks and transfer them when learning new tasks, thereby
enhancing training efficiency and stability through various
tasks. We evaluate the proposed approach in the Meta-World
environment, which involves simultaneous learning of up to
50 tasks, and achieve competitive performance.

II. RELATED WORK
A. Multi-task learning

Multi-task learning has received significant attention in
computer vision [24], [25], NLP [28], [29], bioinformatics
[26], [27], and health informatics. In recent years, with
the development of robot vision and speech technologies,
multi-task learning in robotics has also become a research
hotspot [10]-[16], [30], [31]. While sharing parameters at
the lower levels among different models has shown some
success in task expansion, it comes with the challenge
of task interference and negative transfer [11], [14], [32]-
[35]. Distillation methods [34], [35] have been effective in
avoiding these issues, but they often significantly increase
the size and complexity of the network. Approaches like
curriculum learning or iterative learning [17], [36] attempt to
strike a balance between these factors but may not perform
optimally when expanding the task set. A combination [10]
of planning and reinforcement learning has been applied
successfully in motion and path planning, but it faces greater
challenges in multi-task planning because of the diversity and
complexity of the manipulation. Therefore, in this paper, we
introduce the TEP (Task-evoked Planner) to gather shared
experiences among relevant tasks and further to guide and
improve training for rapid acquisition of new skills.

B. Reinforcement learning with planning

The current challenge lies in how to integrate the strengths
of motion planning and reinforcement learning. One ap-
proach is to partition the problem artificially, allowing plan-
ning and RL to address different aspects [10], [19], [22], [23].
However, this method requires significant engineering efforts
to decompose tasks, limiting its scalability to new tasks.
Another approach involves incorporating motion planning
into RL frameworks in a modular structure, forming HRL
(Hierarchical Reinforcement Learning), and designing cor-
responding boundaries and transition rules [37], [38]. Such
methods are often used for tasks with clear target objects
and low motion complexity. In addition, there are methods
involving heuristic weights [39], policy distillation with

motion planner augmentation [40], and suboptimal solution
mapping in abstract environments [41], among others.

ITII. PRELIMINARIES
A. Reinforcement learning

Our approach builds upon a modeled system of Markov
decision processes in reinforcement learning, which is rep-
resented by a tuple (S, A, P, R, p,~), where S and A are the
state and action spaces, respectively. Reinforcement learning
algorithms aim to learn a policy 7(al|s) such that the expected
sum of rewards R(st,a;) obtained under this policy is
maximized, starting from an initial state distribution p and
following the transition probabilities P(s(;41)|s¢;at). The
discount factor vy is used to balance the trade-off between
immediate and future rewards. Our objective is maximizing
the expected discounted accumulated rewards, which is given

by: -
0 = argmax (EM [Z Y (se, %)1) )]
=0

B. Soft Actor-Critic

Soft Actor-Critic (SAC) [5] is a representative offline
policy learning algorithm that encourages exploration and
uniform sampling by adding a component of behavior en-
tropy to the cumulative reward. It learns by alternately
optimizing a value network Q. (s,a) and a policy network
mg(als), as metioned before. ¢ and 6 represent parameters
of ) network and policy network, respectively. The soft
@ function can be learned by minimizing the soft Bellman
residuals,

JQ(QD) = E(s,,ai)—R[%(Qtp(Stﬂ at) (2)

_(T(Stv at) + 7E5t+1 [Vp(st+1)]))2]v

where

Vs (st) = Er, [(Qp (st,a1) — alogmg (a | s¢))]  (3)

and Jg () is the objective function of the @ network. Q3
denotes the target () network with parameter @ which is
derived by the exponential moving average of ¢ in the @)
network with a smoothing constant 7. R is a replay buffer.
The policy function 7y can be obtained by minimizing the
following loss function,

JW(Q) =Es, - [EatNTre [a log 7y (ay | 5¢) — Qw (st at)]] .
4)

IV. MULTI-TASK REINFORCEMENT LEARNING WITH
TASK-EVOKED PLANNER

In multi-task learning, tasks are uniformly sampled from
the task set D, and the objective is to maximize the average
return across all tasks. However, due to the misalignment of
task-specific goal spaces, this can lead to policy distribution
fluctuations during training. Notably these fluctuations are
often more pronounced in the early stages of training and
can subsequently impact the final model’s performance.

Based on these challenges, we propose TEP(Task-evoked
Planner) and aim to address the following questions:
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1)How to extract valuable task-agnostic samples from the
stable training of individual tasks.

2)How to utilize a planner to extract and transform these
samples into a usable form.

3)How to effectively incorporate the planner into the
multi-task reinforcement learning framework to fully lever-
age its sample knowledge.

A. Sample selection via priority

In Meta-World, the training of individual tasks is not
particularly challenging. We initiate the sample selection
process when the training task achieves a success rate of
85%. Our selection method is based on prioritized trajectory
replay (PTR) [42], primarily utilizing the criteria of the
average trajectory priority with the generalized advantage
estimation (GAE) and the distribution entropy. Optimization
is performed per batch, with each consisting of 512 samples.
The definition of the average trajectory priority A; is as
follows:

pl = mean {|4,]}" (5)

Aj =64+ (YN +--+ (N T (6)

S =1 +9V (5141) =V (5¢) N
where A; is General Advantage Estimation based on
multiple continuous experience. The trajectory 7; =
(84, ai,74, Si+1,p;) encompasses multiple steps of experi-
ence. v and \ are hyperparameters, which is 0.99 and 0.95,
respectly. The entropy item is defined as:

PG = — / p(s]a) log p(sla)da ®)

After balancing with factor a = 0.6, the sample priority
becomes:

P(i) = ap’ + (1 — a)pg() 9)

Semantic Illustration of the framework.

B. Task-evoked Planner

Our approach was inspired by Eysenbach [41], [43], who
introduced a method for assessing distance in the state space.
Expanding on the approach and taking into account the
unique attributes of robotic tasks, we introduce TEP and
develop a novel evaluation method for estimating the reach-
ability information between states. In essence, the design
of the planner adheres to three guiding principles: first, the
distance between states of two consecutive samples is set to
1; second, for two consecutive samples with the same goal,
the difference in distance between their current states and
the goal state should be 1; finally, if two states are swapped,
the distance should remain unchanged. The transformation
of the planner is as follows:

F:S8*xA-R, (10)

in application, we will employ F (s,s’,a) to denote the
reachability from s to s’ when starting with action a,
expressed as the required number of steps.

According to the priciples outlined above, given a set of
samples Z, the planner should optimize itself from three
aspects:

(F (s8¢, 8¢41,a¢) — 1)2 + )
(.F(st,s’,at) - (1 —|—mina.7:'(5t+1,s’,a) ) +

(f(st,st+1,at) —f(st+1,st,—at)) (11)

Using the above section as the loss function and training
it with previous experience sampled in Sec. IV.A will yield
a planner that has details about the world models. However,
when it needs to be applied to a reinforcement learning, the
challenge is that we cannot predict the next state s’ when
we obtain the Actor’s output. Without the necessary input
data(syy1), we cannot make the best use of this planner.
Therefore, we further establish an Action Network (AN) for
TEP to tranfser the relation between (s, st41) to (s¢, a). The
detailed network structure will be provided in Sec. V.A. The
role of AN is to provide the optimal action solution from

9222



the current state to the target state based on the reachability
information from the planner, represented as follows:

ANga 'S A

ANy, (s,8") ~ argmin, Fp, (s,5,a) (12)

For training, given a batch of tuples (sy,s;y1,5",a;) we
update TEP’s parameter 0 to reduce

L (9F§ 3t75t+17sl7at79~}') =
(For(St,St41,a8) — 1)% + (For(st,8,a)—

/ ! 2 (13)
(1+~F§F(3t+175 ;ANéa(St+1,8 )))) —
(F(s¢,8t41,a8) — F(St41, St —at))2
and meanwhile update AN’s parameter 6, to reduce
L‘(Ga) = ]:9]__ (St, S,, ANaa (St, S/)) (14)

In summary, after training, TEP has obtained precise
information regarding the environmental kinematic model. It
can guide the agent’s actions by determining the necessary
number of steps between the current state and the goal
state. Moreover, in situations where the agent’s decisions
are inefficient, TEP has the capability to propose alternative
actions.

Environment

Fig. 3. TEP extended RL policy.

C. Reinforcement learning with TEP

TEP-guided Policy In order to efficiently learn manipu-
lation tasks in a multi-task environment and minimize neg-
ative interference between diverse tasks, we propose TERL
(Task-evoked Sample guided Reinforcement Learning). Our
approach leverages a motion planner to guide the robot
in efficient movement towards its goal, avoids infeasible
areas in the environment and facilitates effective exploration.
As illustrated in Fig. 3, our framework consists of two
components: a SAC algorithm with task encoding and the
proposed planner, TEP. Decisions about what actions the
agent should take are made by comparing reachability before
generating a new transition, as detailed below:

a; = AN(s,s'), if
Reachability

otherwise
(15)

ar = me(8t),

F (8¢, 8t41,a¢) < Fy—1 represents the reachability to the
goal after the execution of the current action, while f;_q
represents the distance to the target when the action is not
executed. o denotes the discount factor, which gradually
reduces the guidance provided by the planner. N signifies
the number of episodes completed. If the distance decreases
after the action is executed, the output of the policy net-
work remains unchanged. Otherwise, a randomly generated
number g € (0,1) is checked against a threshold value
oV, If it satisfies the condition, the action recommended
by the planner is used. This process is repeated until the
completion of an episode. During the training process, o
gradually decreases, leading to a synchronized reduction in
the probability that g is less than o?.

Multi-task Reinforcement Learning with TEP In the
context of multi-task reinforcement learning (MRL), we
examine a task set denoted as D = {7;}),, and assume
a uniform distribution p(7) over this task set D. Each task
7: is associated with a distinct Markov Decision Process
(MDP) represented as M; = (S, A, P;, 7, pi, ), capturing
variations in reward functions r; and transition probabilities
P; among the tasks. Every task p(7) sampled from the
distribution p(7") possesses a maximization objective defined
as the expected discounted cumulative rewards, denoted as
J(m,T). The primary objective of multi-task RL is to acquire
a policy that maximizes the overall expected returns across
the tasks, expressed as Eyp, 7 [Jsac(m, T)].

Furthermore, compared to other methods [11], [44], which
an individual soft Q-function Q7 (s, a) for each task 7; based
on Eq. 2, we adopt TEP which confront these variations,
as the kinematic model in space remains largely unchanged
across different tasks when not interacting with objects. And
due to the involvement of planned actions, samples in the
state space often avoid to exhibit significant discrepancies
from the Q-value network distribution thus demonstrate a
certain degree of robustness to in off-policy algorithms.

V. EXPERIMENTS
A. Benchmarks and Baselines

Benchmarks Our chosen benchmarks are as fol-
lows: 1)MTI1-Ind: A meta-reinforcement learning (meta-
RL) benchmark environment designed to evaluate few-shot
adaptation to goal variation within a single task. We have se-
lected five classical robot tasks for this benchmark, including
door opening, button pressing, picking and placing, window
opening, and sweeping into a hole. 2)MT10: A meta-RL
benchmark consisting of ten meta-train tasks that assess few-
shot adaptation. This benchmark includes a one-hot vector
for task identification. 3)MT-Test: A testing set built upon
the MT10 benchmark, comprising four new tasks. 4)MT20:
Similar in design to MT10 but with tasks incresing to 20.
All tasks are comprehensively detailed within [44].

F(s¢,8¢41,0a) > Fr1 Baselines We have conducted comparisons between our
RAND(0,1) < oN proposed method and the following baseline methods:

1)Multi-Task SAC(MTSAC) [44]: All tasks share a sin-
gle policy, with task identification accomplished through a
single-head encoding and the concatenation of the current
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Fig. 4. Experimental Results

state vector as input. 2)Context-Aware Reinforcement Learn-
ing with Shared Contextual Encoding (CARE) [11]: Utilizes
the block contextual Markov decision process (BC-MDP) to
address scenarios where the state space may differ among
tasks, also the SOAT algorithm in MT10.

Environment Setup In simulation experiments, a task
set D was initialized, from which we select 1, 10 or 20
tasks for learning, depending on different configurations.
Each task within the set has its unique reward function
and world model, while sharing the same action dimension.
Regarding state dimensions, there are slight variations among
different tasks. For tasks that exclusively involve movement,
the state space requires only target position information,
historical data, and robot information. However, for tasks
involving rotation, the robot not only needs aforementioned
conditions but also the orientation of the target to ensure the
effectiveness of its actions.

TEP itself employs a multi-layer perceptron (MLP) with
a ReLU activation function, consisting of 2ds + d, input
units, corresponding to the concatenation of two states and
an action. It comprises three hidden layers, each containing
512 units, and a single output unit. The AN (Action Network)
component has 2d, input units, three hidden layers with
512 units each, and d, output units with a tanh non-linear
activation function. In Meta-World d; is 39 and d, is 4. We
sampled a buffer of 6 * 10 transitions and performed TEP’s
optimization on mini-batches of size 1024.

We adopted the same network architecture for SAC, with
a discount factor o set to 0.98 and the number of steps
in one episode was set to 4096. Initially, we sample tasks
from those with a training success rate of 85% or higher.
Because of their stable action distribution and transition
probabilities, collecting effective samples becomes straight-
forward. Building upon this, the acquired planner serves
as an additional critic in reinforcement learning, providing
guidance for policy decisions and enhancing interactions
with the environment to achieve improved behavior.

B. Evaluation Tasks in simulation

In this section, we utilize Task-evoked planner to evaluate
the performance of robots on a variety of robotic manipu-
lation tasks within the framework of multi-task learning. To
start, we compare the proposed approach against prior works
[11], [44] and the conventional benchmark using various
metrics, which include cumulative rewards(Value), Success

-
4

fimc stcﬁs (le6) ‘
(d) MT20

Success Ratio
~ Success Ratio

Timé steps (1e6)
(c) MT10

{ MTSAC CARE OURS ]

with MTSAC and CARE.

Ratio, Zero-shot Transfer performance to new tasks, and
qualitative examples of different strategies.

TABLE I
AVERAGE SUCCESS RATIO OF MT1, MT10, MT-TEST AND MT20 TASKS

Algorithms MT1-Ind MT10 MT-Test MT20
MTSAC 95.0% 68.4% 16.4% 63.4%
CARE 95.2% 75.6% 23.4% 64.6%
Ours 95.4% 82.8% 19.4% 68.8 %

We employ the MTI1-Ind, MT10, MT-Test and MT20
benchmarks for comparative analysis against baseline algo-
rithms. Fig. 4 depicts the evolution of cumulative rewards
(value) and success rates throughout the experiments. Tab.
1 presents the average successful rate across different algo-
rithms. The success rate, refers to the average success rate
of all tasks in a given task set, with each task uniformly
sampled. Our experiments were conducted with five different
seeds and reported average success ratio based on 500 trials
as a standard. Training samples for MT10 and MT20 vary
between 2 million and 2.5 million for different tasks.For a
fair comparison, we mostly adhere to previous work [11]
regarding hyper parameters and general model settings. The
weighting factors 7, v, (ract, reri and Tepcode are set to
0.005, 0.99, 3e-4, 3e-4, and 0.05, respectively.

Fig. 4(a), (c) and Tab. 1 show the results on MT10,
which affirm the enhancements brought about by our method.
As depicted, multi-task learning facilitated by Task-evoked
Planners (TEP) yields superior strategies, exhibiting im-
proved performance both in the initial and later stages of
the reward curve, when compared to the baselines. Notably,
the involvement of TEP contributes to a heightened task
completion rate and from the data presented in Tab. 1, our
approach has led to an increase of up to 14% in success rates
over the other two methods.

Fig. 4(b)(d) further underscore our method’s superior per-
formance. Despite the inherent challenges associated with the
MT?20 task, characterized by its more complex and diverse
nature, our approach continues to optimize the learning
process. Through the average rewards in this demanding task
exhibit significant variance throughout training, our approach
consistently maintains a lead in success rate and ultimately
leads by up to 4 percentage points.

In addition, the MT-Test demonstrates the performance in
terms of Zero-shot Transfer, while the MT1-Ind showcases
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the ability to share experiences among related tasks. Incor-
porating tasks into MT-Test that differ in action types from
the existing task set leads to compromised performance due
to the absence of relevant samples in TEP.

STICK

WINDOW INSERT

CARE MTSAC

TERL

Fig. 5. Qualitative examples. Left: We show selected episodes for the
stick-insert task. We see that our TERL policy (bottom) is considerably more
realistic to the state-action CARE policy (middle) while being marginally
more realistic than the pure RL policy (top).

Qualitative examples Relying solely on values or success
rates cannot provide a complete view of the policy. A selec-
tion of episodes has been chosen in Fig. 5 for the purpose
of demonstrating the differences among the learned policies.
Firstly, MTSAC sometimes encounters the operational con-
straint boundaries of the robot due to insufficiently realistic
actions, thereby impeding its ability to accomplish tasks(top).
For instance, in the STICK task, it collides with the box,
in the WINDOW task, it collides with the window, and in
the INSERT task, it reaches the joint angle limit. CARE
exhibits some realistic actions, but still has certain deviations
when interacting with objects(middle). Consequently, in the
STICK task, it lacks accuracy in grasping the stick, in the
WINDOW task, it uses its joints instead of the end-effector
to manipulate the handle, and in the INSERT task, it grasps
the bracket off-center, leading to a loss of horizontal balance.
Lastly, the TERL strategy(ours) outperforms the other two
and displays a higher degree of realism (bottom).

C. Real world applications

Furthermore, the existence of intelligent robots capable of
performing a variety of tasks using a single model should
not be confined solely to simulation but extend to inter-
actions within the physical world. Real world experiments
are needed. Mask-RCNN was utilized for object instance
segmentation, acquiring the pose and spatial position of
target objects. Subsequently, through the retrieval of robot
body positioning and joint information, we obtained relative
positioning with respect to the target objects through which
our policy can be executed. Fig. 6 illustrates partial results of
the manipulation. When confronted with variations in phys-
ical parameters(object size, weight, and friction coefficients)
between real-world and simulation, our model consistently
generates effective manipulation sequences.

Assembly

Bin-pick

Fig. 6. Evaluate our policy on various tasks in real world.

VI. CONCLUSION

In this work, we introduce TEP to optimize policy’s
narrow distribution and action’s generalization capability in
multi-task environments and harness its advantages with
reinforcement learning to achieve more efficient and realistic
manipulation. Specifically, we employ a hybrid prioritized
sample selection approach, devise objectives for planner
updates, and propose a planning-guided reinforcement learn-
ing algorithm. Our method minimizes the need for task-
specific knowledge and effectively leverages the utility of
historical samples. Experimental results demonstrate the en-
hanced training efficiency of multi-task learning and the
improved manipulation performance. The effectiveness of the
framework in real-world scenarios has also been validated.
The limitations is the additional time and space required
for training the planner separately. In the future, we plan to
integrate the planner into the RL framework for simultaneous
training and develop more general planning methods adapted
to more complex skills.
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