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Abstract

Multi-task reinforcement learning (RL) aims to enhance
agent performance across multiple tasks by enabling effective
knowledge transfer. However, these methods adopt a fully
shared policy across all tasks without explicitly distinguish-
ing between related and conflicting ones, making them suffer
from negative interference issue, where updates beneficial to
one task adversely affect others and lead to degraded over-
all performance. In this paper, we propose a multi-task re-
inforcement learning method with spectral clustering-based
task grouping (MTRL-CG), which leverages spectral cluster-
ing to group related tasks and separate conflicting ones, en-
abling group-wise policy learning to mitigate negative inter-
ference. We first quantify inter-task affinity by measuring the
influence of task-specific updates on others within a shared
model, and construct an affinity matrix to capture these rela-
tionships. Spectral clustering is then applied to partition tasks
via spectral embedding and k-means clustering. Each task
group is trained with a dedicated policy network to promote
focused learning. Built upon the Soft Actor-Critic (SAC) al-
gorithm, MTRL-CG can be readily integrated into existing
SAC-based multi-task RL methods. Extensive experiments
on the Meta-World benchmark demonstrate the effectiveness
of the proposed MTRL-CG method.

Introduction
Deep Reinforcement Learning (RL) (Sutton, Barto et al.
1998) has demonstrated remarkable success across a
range of single-task decision-making domains, e.g., au-
tonomous driving (Kiran et al. 2021; El Sallab et al. 2017),
robotics (Kober et al. 2013; Zhao et al. 2020), finance (Ham-
bly et al. 2023), and personalized recommendation (Afsar
et al. 2022). While significant advances have been made,
most RL methods remain restricted to single-task scenarios
and struggle to generalize learned skills for solving com-
plex tasks (Lan et al. 2023; He et al. 2024; Xu et al. 2020;
Georgiev et al. 2025). This limitation hinders their effective-
ness in training agents for real-world applications (Yu et al.
2020b; Yang et al. 2020; Sodhani et al. 2021).

Multi-task RL methods are proposed to improve agent
performance across multiple tasks by enabling knowledge
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Figure 1: Multi-task RL with vs. without task grouping:
(a) Shared policy suffers from conflicts (0.67); (b) Grouped
policies reduce conflicts and improve performance (1.0).

transfer, enhancing their applicability to real-world scenar-
ios. These methods can be broadly categorized into four
classes: knowledge transfer, structure sharing, representa-
tion learning, and gradient manipulation. Knowledge trans-
fer methods (Teh et al. 2017; Xu et al. 2020; Arora et al.
2018) aim to distill the knowledge or behaviors of single-
task experts into a unified policy that generalizes across
tasks. Structure sharing methods (Devin et al. 2017; Yang
et al. 2020; Sun et al. 2022; He et al. 2024) aim to construct
compositional policies by reusing shared modules across
tasks, thereby promoting parameter efficiency and enhanc-
ing policy generalization. Representation learning meth-
ods (Sodhani et al. 2021; Lan et al. 2023; D’Eramo et al.
2020) learn shared representations to improve policy and
value learning across tasks. Gradient manipulation meth-
ods (Yu et al. 2020a; Liu et al. 2021) learn a generalizable
policies by controlling gradient direction and scale during
multi-task RL training. However, these methods employ a
fully shared model across all tasks without explicitly dis-
tinguishing between related and conflicting ones, and thus
still suffer from negative interference problem, where ben-
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eficial updates to one task harm others due to task conflicts,
ultimately resulting in overall performance degradation (Teh
et al. 2017; Yang et al. 2020; Sodhani et al. 2021).

In this paper, we propose a Multi-Task Reinforcement
Learning method with spectral Clustering-based task
Grouping (MTRL-CG), which utilizes spectral clustering
to organize related tasks into groups and separate conflict-
ing ones, enabling group-specific policy learning that miti-
gates negative interference (see Figure 1). Specifically, we
begin by quantifying inter-task affinity, which captures the
extent to which parameter updates from one task influence
the optimization objectives of others under a shared model.
These affinities are then aggregated into an inter-task affin-
ity matrix that characterizes the mutual influence across all
tasks. Based on this matrix, we perform spectral cluster-
ing to partition tasks into groups, consisting of two key
stages: constructing spectral representations and conduct-
ing k-means clustering in the spectral space to assign tasks
to groups. Based on the obtained task groups, we conduct
group-wise training, where a separate policy network is op-
timized for each group to facilitate focused learning and re-
duce task interference. Additionally, we provide the pseu-
docode of the proposed MTRL-CG framework, which is
built upon the Soft Actor-Critic (SAC) algorithm for policy
and value function optimization. Owing to its SAC-based
foundation, MTRL-CG can be seamlessly incorporated into
existing multi-task RL methods that utilize SAC as their
backbone. Furthermore, extensive experiments on the Meta-
World benchmark validate the overall performance of our
method, as well as the effectiveness of the task grouping and
the validity of the inter-task affinity matrix. Our contribu-
tions are summarized as follows,

• To the best of our knowledge, this is the first work to
introduce task grouping in multi-task RL, aiming to clus-
ter related tasks and separate conflicting ones in order to
mitigate negative interference.

• We propose the MTRL-CG method, a multi-task RL
method that leverages spectral clustering to group tasks
and performs group-wise training by optimizing separate
policy network for each group, thereby enhancing reduc-
ing negative interference.

• We conduct extensive experiments on the Meta-World
benchmark, and the results demonstrate that our method
achieve superior overall performance compared to the
state-of-the-art multi-task RL methods.

Related Work
Multi-Task Reinforcement Learning
Multi-task reinforcement learning (RL) improves sample ef-
ficiency by jointly training a policy across tasks to promote
knowledge sharing and reuse. Existing multi-task RL meth-
ods can be grouped into four major directions. Knowledge
distillation approaches (Teh et al. 2017; Xu et al. 2020;
Arora et al. 2018) focus on aggregating task-specific ex-
pertise into a centralized policy; for example, Distral (Teh
et al. 2017) aligns task policies with a shared prior us-
ing KL regularization, while KTM-DRL (Xu et al. 2020)

merges offline and online learning signals. Structure shar-
ing approaches (Devin et al. 2017; Yang et al. 2020; Sun
et al. 2022; He et al. 2024) improve scalability by assem-
bling policies from reusable components, as seen in soft-
Modularization (Yang et al. 2020) and PaCo (Sun et al.
2022). Shared representation methods (Sodhani et al. 2021;
Lan et al. 2023; D’Eramo et al. 2020) emphasize learn-
ing task-invariant features to facilitate joint learning across
tasks, for instance, CARE (Sodhani et al. 2021) incorporates
language-guided embeddings, and CMTA (Lan et al. 2023)
combines contrastive and temporal cues. Finally, gradient-
level techniques (Yu et al. 2020a; Liu et al. 2021), such as
PCGrad (Yu et al. 2020a), modify gradient updates to en-
hance stability during joint optimization. Unlike these meth-
ods, our approach explicitly separates related and conflicting
tasks to alleviate negative interference.

Multi-task Learning
Multi-task learning (MTL) improves performance by jointly
training multiple tasks. Existing methods are categorized
into multi-task architecture (MTA) and multi-task optimiza-
tion (MTO). MTA methods focus on parameter sharing: hard
sharing uses a common backbone with task-specific heads
(e.g., Deep Relationship Networks (Long et al. 2017), Uber-
Net (Kokkinos 2017)), while soft sharing keeps separate
backbones with information exchange (e.g., Neural Network
Parser (Duong et al. 2015), Cross-Stitch Networks (Misra
et al. 2016)). MTO methods aim to reduce gradient con-
flicts and balance training, such as GradNorm (Chen et al.
2018) and PCGrad (Yu et al. 2020a). Unlike these methods
for MTL, our work focuses on multi-task RL, where tasks
involve sequential decision making.

Grouping in Multi-task Learning
Task grouping in multi-task learning clusters related tasks
to promote intra-group knowledge sharing and reduce in-
terference from unrelated ones (Gao et al. 2024; Kang
et al. 2011; Kumar and Daume III 2012). Standley et
al.(Standley et al. 2020) improved performance by assign-
ing groups to separate networks. TAG (Fifty et al. 2021)
forms groups by evaluating gradient influence across tasks,
while MTG-Net (Song et al. 2022) uses a meta-learning
framework to predict performance gains for guiding group-
ing. DMTG (Gao et al. 2024) models grouping as differen-
tiable pruning via a categorical distribution, enabling one-
shot grouping and training with high-order affinity model-
ing. This work fills the gap between the task grouping and
multi-task RL.

Preliminaries
Reinforcement Learning
Reinforcement learning (RL) (Sutton, Barto et al. 1998)
is commonly formulated as a Markov decision pro-
cess (MDP) (Puterman 2014), defined by the tuple
(S,A,R,P, γ), where S and A represent the state and ac-
tion spaces, respectively;R : S×A → R denotes the reward
function; P(s′ | s, a) characterizes the transition dynamics;
and γ ∈ [0, 1] is the discount factor. In RL, an agent interacts
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Figure 2: Framework of proposed MTRL-CG method. (a) Grouping Tasks in Multi-Task RL. (b) Grouping-wise Training.

with the environment in discrete time steps. At each timestep
t, the agent observes the current state st, selects an action at
according to a policy π(at | st), receives a reward rt, and
transitions to the next state st+1 according to the transition
dynamics P . The goal of RL is to learn a policy π that max-
imizes the expected cumulative discounted return:

Jπ = Eπ

[ ∞∑
t=0

γtrt

]
. (1)

Soft Actor-Critic (SAC) is a widely adopted and represen-
tative reinforcement learning algorithm, which we employ
to train the policy in this paper. In SAC, the policy function
πϕ(a|s) and the Q function Qθ(s, a) are parameterized by ϕ
and θ, respectively. The objective of policy function is

Jπ(ϕ) = Est∼D

[
Eat∼πϕ

[
α log πϕ(at|st)−Qθ(st, at)

]]
.

(2)
where α is an entropy temperature coefficient. The Q func-
tion Qθ(s, a) is optimized by minimizing the objective:
JQ(θ)

= E(st,at)∼D

[(
Qθ(st, at)−

(
rt + γEst+1∼P [Vθ̄(st+1)]

))2]
,

(3)

where γ represents the discount rate, and Vθ̄(st+1) =
Eat+1∼πϕ

[
Qθ̄(st+1, at+1) − α log πϕ(at+1|st+1)

]
, and

Qθ̄(st+1, at+1) denotes the target Q function with θ̄.

Multi-Task Reinforcement Learning
In multi-task reinforcement learning, we consider a set of M
tasks, each sampled from a distribution p(T ), where each
task T corresponds to a distinct Markov decision process
(MDP). Given the prevalence and superior performance of
SAC in multi-task reinforcement learning, we adopt SAC
as the foundation of our approach and detail its optimiza-
tion objectives under the multi-task RL. Specifically, SAC
in multi-task setting aims to learn a policy that maximizes
the average expected return across tasks sampled from the
distribution p(T ), formulated as:

Jπ(ϕ) = ET ∼p(T ) [Jπ,T (ϕ)] , (4)

where Jπ,T (ϕ) denotes the task-specific policy objective de-
fined in Eq.(2). Similarly, the Q function is optimized by
minimizing the average Q loss over tasks:

JQ(θ) = ET ∼p(T ) [JQ,T (θ)] , (5)
where JQ,T (θ) is the Q function objective for task T , as
defined in Eq. (3).

Proposed Method
In this section, we propose a multi-task reinforcement learn-
ing method with spectral clustering-based task grouping
(MTRL-CG), which clusters related tasks and isolates con-
flicting ones to reduce negative interference. We begin by
outlining the overall MTRL-CG framework, which consists
of a task grouping stage and a group-wise multi-task rein-
forcement learning stage. We then introduce the task group-
ing process, including inter-task affinity computation, spec-
tral embedding, and clustering. Next, we describe the group-
wise training procedure, where a multi-task SAC algorithm
is used to train a shared policy within each group. Finally,
we present the detailed pseudocode of the proposed method.

Framework of Proposed Method
This section outlines the proposed MTRL-CG framework
(Figure 2), which consists of two main components: group-
ing tasks and group-wise training. In the grouping stage, we
first quantify the mutual influence among tasks by comput-
ing an affinity score for each task pair, which is assembled
into an inter-task affinity matrix. Based on this matrix, we
perform spectral clustering to partition tasks into groups,
which involves two key steps: constructing task spectral rep-
resentations and applying k-means clustering to form the
final groups. Specifically, we perform eigenvalue decom-
position on the affinity matrix and use the resulting eigen-
vectors to obtain a low-dimensional spectral embedding for
each task. These embeddings are then clustered using the
k-means algorithm, allowing related tasks to be grouped to-
gether. In the group-wise training stage, each task group is
assigned a dedicated SAC learner to enable focused policy
learning, promoting intra-group knowledge sharing while
reducing interference from unrelated tasks.
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Grouping Tasks in Multi-Task RL
This section presents the task grouping procedure in multi-
task RL, which aims to cluster related tasks together while
separating conflicting ones. Specifically, we first describe
the construction of the inter-task affinity matrix, which
quantifies the mutual influence among tasks. Based on the
constructed affinity matrix, we adopt a spectral clustering
approach to group tasks, which involves two steps: con-
structing task spectral embeddings and applying k-means
clustering to form task groups.

Inter-Task Affinity Matrix Construction In multi-task
RL, all tasks are jointly optimized over shared policy and Q-
functions (see Eq. (4) and (5)), enabling implicit knowledge
transfer and mutual influence among tasks. To quantify such
interdependence, we propose to measure inter-task affinity
by assessing the extent to which the gradient updates from
one task on the shared function affect the objective values of
other tasks. We adopt the Q function for this analysis, as Q
values provide a direct evaluation of policy’s performance.

Given a set of N reinforcement learning tasks S =
{T1, T2, . . . , TN}, a shared Q function Qθ(s, a) is learned by
jointly optimizing the objective in Eq. (5). To analyze inter-
task affinity, we perform a single-task update using task Ti,
yielding updated parameters:

θTi
:= θ − η∇θJQ,Ti

(θ), (6)

where η is the learning rate and JQ,Ti
(θ) is the Q function

objective for task Ti (Eq. (3)). We quantify the affinity from
task Ti to task Tj by measuring the relative change in the Q
value of Tj induced by applying the gradient update from Ti
to the shared parameters:

Wi,j =
QθTi

(s, a)−Qθ(s, a)

|Qθ(s, a)|
, (s, a) ∼ Tj , (7)

where | · | denotes the ℓ1 norm, (s, a) is the state and action
pairs of task Tj . For all i, j ∈ {1, . . . , N}, Wi,j is defined
by Eq. (7) for i ̸= j, and Wi,i = 0. With the above affinity,
the inter-task affinity matrix W is:

W =

W1,1 · · · W1,N

...
. . .

...
WN,1 · · · WN,N

 . (8)

To enable spectral clustering for task grouping, we con-
struct a symmetric affinity matrix by averaging the original
affinity matrix W with its transpose W⊤. This yields a sym-
metric estimate of mutual influence between tasks:

W =
W +W⊤

2
, (9)

where W is the final inter-task affinity matrix for clustering.

Task Spectral Representation Construction Given the
inter-task affinity matrix W in Eq. (9), we employ a signed
spectral embedding method (Cucuringu et al. 2019) to
extract task representations for clustering-based grouping.
Specifically, we first build a signed matrix and compute its
signed Laplacian, followed by spectral embedding matrix
construction to derive task representations in the spectral
space. These processes are as follows,

• Signed Matrix Construction. We construct the signed
affinity matrices (W+ and W−) by separating the posi-
tive and negative components of W as follows:
W+

i,j = max(Wi,j , 0), W−
i,j = max(−Wi,j , 0). (10)

Here, W+ captures cooperative relationships, while W−

models conflicting ones.
• Signed Laplacian Construction. We then construct the

corresponding signed Laplacians:
L+ = D+ −W+, L− = D− −W−, (11)

where D+ and D− are diagonal matrices with D+
ii =∑

j W
+
ij and D+

ij = 0 for i ̸= j; similarly for D−.
• Spectral Embedding Matrix Construction. We compute

the spectral embedding by solving the generalized eigen-
value problem:

(L+ + τ−D−)v = λ(L− + τ+D+)v, (12)
where τ+ and τ− are hyperparameters, and λ, v denote
the eigenvalue and eigenvector. The first K smallest non-
zero eigenvectors form the spectral embedding matrix
V ∈ RN×K :

V = [v1,v2, · · · ,vK ], (13)
where each row represents a task in the spectral space.

• Task Representation Construction. Each row of the em-
bedding matrix V (Eq. (13)) serves as a low-dimensional
spectral representation of a task:

ui = (Vi,1, · · · ,Vi,j , · · · ,Vi,K), (14)
where ui denotes the representation of task Ti, and
Vi,j is the element at row i and column j, with i ∈
{1, · · · , N}.

k-means Clustering-based Task Grouping Given the
task representations (u1, · · · ,uN ) (Eq. (14)), we employ
the k-means clustering algorithm to partition the N tasks
into K groups as follows.
• Initialization. For the set of low-dimensional task embed-

dings (u1, · · · ,uN ), we initialize K cluster centers C =
{c1, · · · , cK} using the k-means++ algorithm (Arthur
and Vassilvitskii 2007).

• Group Assignment. For each i ∈ {1, · · · ,K}, task Tu is
assigned to task group Gi if its embedding u is closer to
the center ci than to any other center cj with j ̸= i; i.e.,

Gi = {Tu | ∥u− ci∥ < ∥u− cj∥, ∀j ̸= i} , (15)
where ∥ · ∥ denotes the Euclidean distance.

• Cluster Center Update. For each i ∈ {1, · · · ,K}, we set
cluster center ci be the center of all related embeddings:

ci =
1

|Gi|
∑

Tu∈Gi

u, (16)

where Tu denotes the task represented by embedding u.
• Repeat. We repeat the assignment and update steps until

the task groups become stable:
G = {G1, G2, . . . , GK}. (17)

As a result, the N tasks are clustering into K groups, yield-
ing the final task grouping result G.
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Group-wise Training in Multi-Task RL
Using the above task grouping strategy, the task set
S = {T1, T2, . . . , TN} is clustered into K groups G =
{G1, G2, . . . , GK}. In the following, we describe how to
leverage these grouping results to perform group-wise re-
inforcement learning training, aiming to mitigate negative
interference among tasks.

Given the task groups G = {G1, G2, . . . , GK}, we assign
a dedicated policy function πϕk

and Q-function Qθk to each
group Gk (1 ≤ k ≤ K), enabling joint optimization of the
tasks within each group. For each group Gk, we adopt the
multi-task SAC algorithm (Haarnoja et al. 2018) to learn the
corresponding policy πϕk

and Q-function Qθk . The policy is
optimized by maximizing the expected task-specific objec-
tive over tasks in the group:

Jπ(ϕk) = ET ∼Gk
[Jπ,T (ϕk)] , (18)

where Jπ,T (ϕk) denotes the policy objective for task T , as
defined in Eq. (2). Similarly, the Q-function is optimized by
minimizing the expected loss over tasks in Gk:

JQ(θk) = ET ∼Gk
[JQ,T (θk)] , (19)

where JQ,T (θk) is the Q-function objective for task T ,
as defined in Eq. (3). By training a dedicated agent for
each group, the proposed approach facilitates intra-group
knowledge sharing while mitigating inter-group interfer-
ence, thereby enabling more efficient multi-task learning.

Pseudocode of the Proposed Method
The overall procedure of the proposed MTRL-CG method
is summarized in Algorithm 1, which consists of grouping
task process and group-wise training process.

Experimental Results
In this section, we conduct experiments to evaluate our pro-
posed method. In the following, we first describe the exper-
imental setup including the environments and hyperparam-
eter settings. To evaluate the effectiveness of our proposed
grouping strategy, we compare the state-of-the-art methods
with and without our grouping strategy. Then we conduct the
ablation study about the different group strategies and group
number. Lastly, we analyze the affinity matrices and t-SNE
visualizations to qualitatively validate the effectiveness of
the task grouping achieved by our method.

Experimental Setup
Environments. Meta-World (Yu et al. 2020b) is an open-
source simulated environment for benchmarking multi-task
reinforcement learning, featuring a diverse set of manipu-
lation tasks with varying levels of complexity based on the
Sawyer robotic arm. We conduct experiments on two stan-
dard environments: MT10 and MT50, comprising 10 and 50
distinct manipulation tasks, respectively. MT10 and MT50
include two settings: fixed and mixed. In the fixed setting,
each task is associated with a fixed initial and goal position.
In the mixed setting, the initial and goal positions are ran-
domly sampled from a pool of 50 predefined configurations.

Algorithm 1: Proposed MTRL-CG method

Require : Task set {Ti}Ni=1, estimation interval C,
timesteps Tg , Tm, learning rate η;

Initialize: Buffers D1, . . . ,DN , inter-task affinity
matrix W, policy πϕ and Q network Qθ;

1 // Grouping Tasks in Multi-Task RL
2 for t = 1, 2, . . . , Tg do
3 Data Collection: Collect trajectory data

τ1, . . . , τN and store them in D1, . . . ,DN ;
Update: Update Qθ, πϕ by multi-task SAC;

4 if t mod C == 0 then
5 Compute inter-task affinity matrix WC (9);
6 W = W +WC ;
7 end
8 end
9 Obtain groups G = {G1, . . . , GK} by Eq. (17);

10 // Group-wise Training
11 Initialize πϕk

and Qθk (1 ≤ k ≤ K);
12 for Gk ∈ {G1, . . . , GK} do
13 for t = 1, 2, . . . , Tm do
14 Update πϕk

, Qθk by Eq. (18) and (19):
15 θk ← θk − η∇̂θkJQ(θk),
16 ϕk ← ϕk − η∇̂ϕk

Jπ(ϕk);
17 end
18 end

Hyperparameter Settings. For the MT10 and MT50 tasks,
we follow the well-defined success rate in Meta-World as
the evaluation protocol (Yu et al. 2020b). The settings for
the compared methods (i.e., Multi-task SAC (MT-SAC) (Yu
et al. 2020b), CARE (Sodhani et al. 2021), CMTA (Lan et al.
2023), and PaCo (Sun et al. 2022)) follow those reported in
their original publications to ensure fair comparison. Results
are averaged across 3 random runs. Our code is available at:
https://github.com/zhangt603/MTRL-CG.git.

Comparison with State-of-the-art Methods
This section evaluates the effectiveness of MTRL-CG by
comparing state-of-the-art MTRL methods (i.e., MT-SAC,
CARE, CMTA, and PaCo) with and without its integration.

The experimental results are presented in Figure 3 and
Table 1. As illustrated in Figure 3, the method incorporating
the grouping strategy attains the same success rate with sig-
nificantly fewer timesteps compared to the method without
grouping. For example, under the MT10-Fixed setting, MT-
SAC converges at approximately 0.30×107 timesteps, while
MT-SAC with MTRL-CG converges at around 0.13 × 107

timesteps. Moreover, the proposed task grouping strategy
consistently improves the final success rates of existing
methods. For instance, CARE with the grouping strategy
achieves an average success rate improvement of approxi-
mately 0.15 on the MT10-Fixed environment, and around
0.10 on the MT10-Mixed environment compared to the orig-
inal CARE. Table 1 presents mean± standard deviation over
three seeds, with “Max” and “Final” indicating peak and fi-
nal success rates, respectively. In most cases, it enhances ex-
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Figure 3: Success rate curves of different methods with and without our MTRL-CG strategy on MT10 and MT50. Shaded areas
show half the standard deviation across three random runs. The X- and Y -axes denote timesteps and success rate, respectively.

Method MT10-Fixed MT10-Mixed MT50-Fixed MT50-Mixed
Max Final Max Final Max Final Max Final

MT-SAC 0.63± 0.02 0.50± 0.11 0.70± 0.04 0.68± 0.03 0.35± 0.01 0.34± 0.02 0.45± 0.02 0.42± 0.01
MT-SAC+MTRL-CG 0.67± 0.02 0.64± 0.02 0.87± 0.01 0.77± 0.04 0.42± 0.01 0.38± 0.02 0.55± 0.02 0.50± 0.03

CARE 0.77± 0.02 0.77± 0.02 0.74± 0.03 0.69± 0.06 0.51± 0.01 0.49± 0.01 0.54± 0.01 0.54± 0.02
CARE+MTRL-CG 0.97± 0.02 0.87± 0.02 0.87± 0.02 0.73± 0.02 0.58± 0.01 0.55± 0.01 0.55± 0.01 0.55± 0.01

CMTA 0.77± 0.02 0.73± 0.02 0.88± 0.02 0.58± 0.12 0.54± 0.01 0.52± 0.01 0.45± 0.02 0.44± 0.02
CMTA+MTRL-CG 0.93± 0.02 0.83± 0.09 0.83± 0.01 0.53± 0.01 0.63± 0.01 0.59± 0.01 0.52± 0.00 0.49± 0.00

PaCo 0.73± 0.05 0.57± 0.02 0.85± 0.02 0.81± 0.01 0.57± 0.03 0.52± 0.03 0.66± 0.02 0.62± 0.01
PaCo+MTRL-CG 0.73± 0.06 0.67± 0.05 0.89± 0.01 0.84± 0.01 0.56± 0.00 0.51± 0.03 0.69± 0.02 0.66± 0.02

Table 1: Success rates of different methods with and without our MTRL-CG strategy on MT10 and MT50.

Figure 4: Success rate curves of CARE with various group-
ing strategies on MT10-Fixed and MT10-Mixed.

Grouping Strategy
MT10-Fixed MT10-Mixed

Max Final Max Final

w/o Grouping 0.77 ± 0.02 0.77 ± 0.02 0.74 ± 0.03 0.69 ± 0.06

HOA 0.87 ± 0.02 0.80 ± 0.04 0.76 ± 0.01 0.66 ± 0.04

Random 0.83 ± 0.02 0.80 ± 0.04 0.72 ± 0.02 0.47 ± 0.04

MTRL-CG 0.97 ± 0.02 0.87 ± 0.02 0.87 ± 0.02 0.73 ± 0.02

Table 2: Success rates of CARE with various grouping
strategies on MT10-Fixed and MT10-Mixed.

isting multi-task RL methods (MT-SAC, CARE, CMTA, and
PaCo) by improving both maximum and final success rates.
The relatively poor performance of CMTA with MTRL-CG
in MT10-Mixed may be due to its design, which amplifies
Q value sensitivity to randomness and results in unstable
task grouping. Similarly, the lower success rate of PaCo with
MTRL-CG on MT50-Fixed may stem from its sensitivity to
hyperparameter settings. Overall, these results demonstrate
the effectiveness of the proposed MTRL-CG method.

Ablation Study
We perform an ablation study on the grouping strategy and
group number selection using CARE, a representative and
widely used multi-task RL method, as the backbone.
Effectiveness of the grouping strategy. To evaluate the ef-
fectiveness of our grouping strategy, we compare the success
rates of CARE under different task grouping strategies (in-
cluding w/o Grouping, Random, Higher Order Approxima-
tion (HOA) (Standley et al. 2020), and our MTRL-CG), as
shown in Figure 4 and Table 2. Figure 4 shows that MTRL-
CG achieves a higher final success rate compared to other
strategies. In Table 2, MTRL-CG achieves the highest max
and final success rates on MT10-Fixed and MT10-Mixed.
These results confirm the effectiveness of MTRL-CG.
Comparison of different group number. We evaluate the
impact of group number on MTRL-CG by testing configura-
tions of 1, 3, 5, 7, and 10 groups. As shown in Figure 7 and
Table 3, MTRL-CG with 3 groups achieves the best overall
performance, requiring fewer timesteps to reach higher suc-
cess rates. These results suggest that group number 3 is a
reasonable choice for grouping.

Further Analysis
To further validate the effectiveness of our MTRL-CG strat-
egy, we provide a t-SNE visualization (Figure 5) and task
affinity matrix (Figure 6) in the MT10-Fixed environment.
t-SNE visualization. To validate the effectiveness of our
grouping results, we present t-SNE visualization of the
MTRL-CG groupings based on different multi-task RL
backbones, as shown in Figure 5. Each point represents a
task’s transition feature from the MT10-Fixed environment,
with colors indicating task groups. As illustrated in Fig-
ure 5, tasks within the same group form compact clusters,
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MTRL-CG Groups MTRL-CG Groups MTRL-CG Groups MTRL-CG Groups

(a) MT-SAC (b) CARE (c) CMTA (d)PaCo 

1. reach
2. push
3. pick-place
4. door-open
5. drawer-open
6. drawer-close
7. button-press-topdown
8. peg-insert-side
9. window-open
10.window-close

Figure 5: t-SNE visualization of our MTRL-CG grouping results based on MT-SAC, CARE, CMTA, and PaCo. Each point is a
task’s transition feature from the MT10-Fixed environment, with tasks in the same group indicated by the same color.

MTRL-CG Affinity Matrix MTRL-CG Affinity Matrix MTRL-CG Affinity Matrix MTRL-CG Affinity Matrix

(a) MT-SAC (b) CARE (c) CMTA (d) PaCo
1. reach  2. push 3. pick-place  4. door-open  5. drawer-open  6. drawer-close  7. button-press-topdown  8. peg-insert-side  9. window-open  10. window-close

Figure 6: Visualization of inter-task affinity matrices (Eq. (9)) in our MTRL-CG grouping strategy across various multi-task
RL backbones (MT-SAC, CARE, CMTA, and PaCo). These tasks are from the MT10-Fixed environment.

while different groups are clearly separated across back-
bones, demonstrating the effectiveness of MTRL-CG.

Figure 7: Success rate curves of CARE with MTRL-CG un-
der various group numbers on MT10-Fixed and -Mixed.

Task affinity matrix. To evaluate the effectiveness of the
affinity matrices (Eq. (9)), we visualize these matrices in our
MTRL-CG grouping strategy across different multi-task RL
backbones, with the results shown in Figure 6. The horizon-
tal and vertical axes denote task indices, and each matrix
element quantifies the affinity between the corresponding
pair of tasks, where warmer (cooler) colors indicate higher
(lower) affinity. As illustrated in Figure 6, the affinity matrix
produced by our method aligns with intuitive human under-
standing of task relationships, supporting the reliability of
the resulting task groupings.

Group Number
MT10-Fixed MT10-Mixed

Max Final Max Final

1 0.77 ± 0.02 0.77 ± 0.02 0.74 ± 0.03 0.69 ± 0.06

3 0.97 ± 0.02 0.87 ± 0.02 0.87 ± 0.02 0.73 ± 0.02

5 0.93 ± 0.05 0.87 ± 0.06 0.72 ± 0.06 0.46 ± 0.04

7 0.83 ± 0.02 0.80 ± 0.00 0.79 ± 0.03 0.42 ± 0.02

10 0.93 ± 0.02 0.87 ± 0.05 0.76 ± 0.02 0.34 ± 0.03

Table 3: Success rates of CARE with MTRL-CG under vary-
ing group numbers on the MT10-Fixed and MT10-Mixed.

Conclusion
This paper presents MTRL-CG, a novel multi-task RL
method that incorporates spectral clustering-based task
grouping to address the challenge of negative interference
among tasks. By quantifying inter-task affinity through the
impact of task-specific updates within a shared model, we
construct an affinity matrix that reflects mutual influences
among tasks. Spectral embedding followed by k-means clus-
tering is then employed to partition related tasks into the
same groups. To facilitate focused and interference-aware
learning, each task group is assigned a dedicated policy net-
work. Experimental results on the Meta-World benchmark
demonstrate that MTRL-CG consistently improves perfor-
mance across diverse tasks.
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