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Abstract

Multi-task reinforcement learning (MT-RL) trains a single agent to solve multiple
tasks by leveraging shared knowledge across task domains. However, most MT-
RL methods assume centralized access to task data, making them impractical for
privacy-sensitive or large-scale distributed settings. Multi-task federated reinforce-
ment learning (MT-FRL) mitigates this issue by enabling agents to collaborate
through shared models rather than raw trajectories, but often suffers from unstable
performance under task heterogeneity, negative transfer, and imbalanced learning
across tasks. A fundamental question in MT-FRL is how each agent should decide
with whom to share skills and how strongly to rely on shared knowledge. To answer
this question, we propose GAdapHeadFRL, a personalized MT-FRL framework
based on geometry-aware grouping and adaptive decision-layer task-head mixing.
First, we decompose the local Bellman residual into representation and task-head
estimation errors, and derive a closed-form optimal sharing strength governed by
task mismatch and estimation uncertainty. Second, we instantiate this insight by
identifying compatible client groups from local updated geometry, constructing
group-specific task-head prototypes, and dynamically mixing them with local heads
using lightweight practical proxies. Experiments on heterogeneous benchmarks,
including MiniGrid (up to 12 tasks) and MetaWorld (up to 50 tasks), show that
GAdapHeadFRL consistently outperforms state-of-the-art personalized MT-FRL
baselines. It achieves up to 24.5% relative improvement on MiniGrid, increases the
converged-task ratio from 50.0% to 72.9% over the personalized baseline. In addi-
tion, the proposed method reduces the average performance standard deviation by
over 50% compared with centralized MT-RL references. These results demonstrate
that geometry-aware grouping and adaptive task-head mixing provide an effective
and scalable principle for heterogeneous MT-FRL.

https://yiranpang.github.io/GAdapHeadFRL.github.io/

1 Introduction

Multi-task reinforcement learning (MT-RL) is a powerful paradigm for enabling knowledge sharing
and generalization across related tasks. However, most existing MT-RL methods assume centralized
access to task data, trajectories, or training environments, which can be impractical in privacy-
sensitive or large-scale distributed control systems. Federated reinforcement learning (FedRL) offers
a natural alternative by allowing multiple agents to collaboratively improve their decision policies
without exchanging raw trajectories. In many realistic deployments, however, agents rarely solve
identical tasks. For example, autonomous vehicles may operate under different regional traffic
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laws, driving objectives, and road geometries (Lu et al., 2025; Zhang et al., 2025; Ma et al., 2026).
Similarly, in power system orchestration, independent utility operators must manage regional grids
with distinct topological constraints and baseline demand profiles (Moazzeni et al., 2025; Kwon et al.,
2025; Shankar et al., 2026). These scenarios require agents to collaborate across heterogeneous but
related Markov decision processes (MDPs), where useful knowledge may be shared across tasks but
local dynamics and objectives remain distinct (Xiong et al., 2024; Pang et al., 2026). This creates a
central tension: federated collaboration can reduce estimation uncertainty and transfer useful decision
knowledge across agents, but indiscriminately sharing parameters across incompatible tasks can
aggregate conflicting update directions and induce negative transfer (McMahan et al., 2017; Jin et al.,
2022).

A prevalent strategy for addressing this heterogeneity in FedRL is to decouple the policy or value
network into a shared representation backbone and task-specific decision heads (Collins et al., 2021;
Oh et al., 2022; Xiong et al., 2025). The shared backbone captures structural knowledge that can
transfer across related tasks, while the decision head absorbs task-specific preferences induced by
local dynamics and action requirements (Arivazhagan et al., 2019; D’Eramo et al., 2020; Sun et al.,
2022). This architecture mitigates heterogeneity, but leaves open how decision heads themselves
should be shared (Cao et al., 2026). Existing methods largely fall into two categories. Several works
rely on fully shared decision layers or global parameter averaging to maximize collaboration, though
this risks severe negative transfer across diverse local objectives (McMahan et al., 2017; Jin et al.,
2022; Yu et al., 2020a; Liu et al., 2021). Conversely, another line of work strictly localizes heads
to protect client-specific decision rules (Arivazhagan et al., 2019; Collins et al., 2021; Oh et al.,
2022; Xiong et al., 2025). While this avoids incompatible signals, it also prevents decision-level
knowledge transfer (Xu et al., 2023; Wang et al., 2026). Moving beyond this binary paradigm requires
an adaptive mechanism that regulates how strongly each client should rely on shared decision heads
according to client-specific task mismatch and estimation uncertainty.

The success of such adaptive sharing, however, is inherently bottlenecked by the quality of the
shared prior. In existing multi-task FedRL settings, tasks are not uniformly related. Instead, they
exhibit structured heterogeneity, often forming latent groups with distinct decision patterns and
updating geometries (Sattler et al., 2021; Ghosh et al., 2020; Duan et al., 2020; Bo et al., 2025).
Consequently, directly averaging decision layer (task-head) parameters across all agents may intro-
duce conflicting signals, producing a compromised global task-head that serves as a weak prior for
everyone (McMahan et al., 2017; Jin et al., 2022; Yu et al., 2020a; Liu et al., 2021). When faced
with such an incompatible prior, even an optimal adaptive mixing strategy will be forced to reject
the shared knowledge, degenerating back to fully localized training. This highlights a key challenge:
effective decision-level collaboration cannot rely on indiscriminate global sharing, but should instead
be selectively constructed among sufficiently compatible clients (Zhang et al., 2021; Huang et al.,
2021; Sattler et al., 2021; Ghosh et al., 2020).

To address this challenge, we reformulate task-head sharing in multi-task FedRL from both theoretical
and algorithmic perspectives. Our main contributions are summarized as follows:

* We provide, to the best of our knowledge, the first theoretical characterization of adaptive
task-head sharing in MT-FRL. Existing methods typically rely on fully shared heads, fully
local heads, or heuristic sharing rules, without clarifying how task-head sharing affects
local RL error under heterogeneity. We address this gap by deriving an exact orthogonal
decomposition of the local Bellman residual, which separates representation error from
the task-head error governed by the mixing coefficient. This decomposition provides a
direct theoretical basis for deciding how much decision-level knowledge each client should
borrow from others, turning adaptive task-head sharing from a heuristic design choice into a
principled client-specific optimization problem.

* We derive the optimal client-specific sharing strength for adaptive task-head mixing. By
modeling local and shared heads as stochastic estimators, we prove that the expected task-
head error is a strictly convex quadratic function of the mixing coefficient and obtain its
closed-form optimum. This result unifies fully shared and fully localized heads as two
boundary cases of the same adaptive principle, showing that the optimal mixing strength is
governed by task mismatch, estimator bias, estimation noise, and noise coupling.

* We propose GAdapHeadFRL, an efficient algorithm that integrates geometry-aware grouping
with practical adaptive task-head mixing. In heterogeneous MT-FRL, effective decision-layer



sharing requires not only deciding how much each client should rely on shared knowledge,
but also identifying whom it should share with. GAdapHeadFRL addresses the “whom
to share with” problem by clustering agents according to their updating directions and
automatically selecting the number of groups using a cosine-silhouette criterion, thereby
constructing group-specific head prototypes that better align shared decision knowledge with
local task geometry. It then addresses the “how much to share” problem using lightweight
practical proxies based on Mahalanobis mismatch and estimation instability, enabling each
client to adaptively mix its local head with the assigned group prototype.

* Across MiniGrid and MetaWorld case studies, GAdapHeadFRL improves over state-of-the-
art personalized MT-FRL baselines by up to 24.5% and reduces the average performance
standard deviation by over 50% compared with centralized MT-RL references. These results
demonstrate that compatibility-aware and client-adaptive task-head sharing improves both
performance and stability under heterogeneous tasks.

2 Preliminaries

MDPs and multi-task RL. An MDP is defined as M = (S, A, P, R, ), where S and A are the
state and action spaces, P is the transition kernel, R is the reward function, and v € (0, 1) is the
discount factor. Given a policy m, the action-value function is Q™ (s,a) = E[>_ 72 v're41 | so =
S,a0 = a 7r] The optimal action value function Q* is the fixed point of the optimal Bellman operator
(T* = [ P(s"| s,a)[R(s,a,s") +~max, Q(s',a’)]ds’ (Sutton et al., 2018). We consider
a Collectlon of N related tasks { M}~ ,, where each task M; = (S;, A;, Pi, R;,) has its own
dynamics and rewards. Let 7,* and ()} denote the corresponding optimal Bellman operator and
optimal action-value function. The multi-task objective is to learn task-specific policies that perform
well on average across tasks while allowing task-dependent decision rules (Teh et al., 2017).

Multi-task AVI bound. Following the multi-task approximate value iteration (AVI) framework
of D’Eramo et al. (2020), let (Q; x)%_, be any bounded value-function sequence with [|Q; x |lcc <
Qmax and Quax < Rimax/(1—7). Define the local Bellman residual as ; ;. := ||Q; k+1—7T;
and the average residual as €,yg 1 1= % Zivzl € k- Then the average performance gap of the induced
greedy policies {m; r }¥, satisfies

(1 =7)% |ref0,]

Here CY1 is the worst-case concentrability coefficient across tasks, 5 are discount-dependent weights,
and v; and p; are the local sampling and evaluation distributions, respectively (Farahmand, 2011;
D’Eramo et al., 2020). Equation 1 motivates our subsequent analysis: for fixed concentrability and
discount-dependent constants, reducing €y 1. tightens the average multi-task performance bound.
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Multi-task federated RL. We study the same multi-task RL objective under a federated training
protocol, where each task M; is assigned to a client that collects trajectories and performs RL updates
locally, while a central server aggregates model information rather than raw trajectories (Qi et al.,
2021; Jin et al., 2022). Under the standard conditions used in FedRL analysis (Jin et al., 2022), this
protocol still induces a bounded task-specific value-function sequence {Q;  }5_, for each client.
Thus, Eq. 1 remains applicable by evaluating the local Bellman residual ¢; 5, on each client and
averaging across tasks. Our subsequent analysis focuses on how federated task-head sharing affects
these residuals under task heterogeneity.

3 Federated Task-Head Sharing: A New Problem Formulation and Theory

In this section, we analyze how mixing local and shared task heads affects the local Bellman
residual in Eq. 1 and derive the theoretically optimal dynamic mixing weight for each client. Let
©o(s,a) € RY denote the state-action representation produced by the globally synchronized backbone

. Client ¢ maintains a local head q@i’k, while the server aggregates client heads to form a shared
head ¢, ;. At round k, client ¢ evaluates actions using the mixed value function Q; (s, a; 6, a) =
(o(s,a), g;k(a)), where ¢; k(o) = (1 — a)pir + agyr and a € [0,1] controls the strength of



decision-layer sharing. The following analysis characterizes how this mixing coefficient affects, and
can be chosen to reduce, the local Bellman residual.

Isolating the Impact of Head Mixing via Bellman Decomposition. For a given global rep-
resentation # in each round, the local Bellman residual can be decomposed into a representa-
tion error and a task-head estimation error, which isolates the effect of « in the latter term.
Let ¢}, (0) = argming E,, [((p, ¢) — T;*Qi.x)?] be the optimal local projection head, and let

¥:(0) = E,,[potp4 | be the feature covariance matrix.

Lemma 1 (Orthogonal Decomposition). For any a € [0, 1] and fixed 0, the Bellman residual satisfies
= N 2 .

i k() = rep,ik(0) + ’|q§i7k(a) — i,k(a)Hzi(G)’ where €.ep.;.1(0) is independent of a.

Characterizing Task Mismatch and Estimation Uncertainty. We analyze the head estimation
error by decomposing it into task mismatch and estimation uncertainty. For readability, we suppress
the dependence on (k,6). Following Jin et al. (2022), define the optimal global head as ¢y =

Z;\/:l Dj qu*-, where p; > 0 and Zj p; = 1. The oracle mismatch between the global and local heads
is by 1= ¢, — ¢;. In practice, only stochastic estimates are available: ¢; = ¢} + m; + & and
bg = ¢y +my + &, where m;, m,, are deterministic biases and &;, §, are zero-mean noises. We
define V; = E[l612,. Vy = E|&, |2,. and Ci := E[¢] Si6, ]

Assumption 1 (Imperfect Noise Coupling). Assume V; > 0, V, > 0, and there exists p € [0,1) such

that |Cig| < py/ViVj.

This assumption rules out the degenerate case of perfectly coupled estimation noise. In MT-FRL, the
global head aggregates stochastic updates from multiple clients with different tasks, making its noise
unlikely to be an exact copy of any single client’s local noise.

Optimal Task-head Mixing. Under Assumption 1, we characterize the expected head error as a
function of the mixing coefficient. Conditioned on 0, define &; (o) := E[|¢s () — ¢71.(0) H%i(Q)]’
and suppress the round index k in the right side of the equation below.

Theorem 1 (Optimal Adaptive Mixing). Under Assumption 1, &; i.(«) is a strictly convex quadratic
in o Its unconstrained minimizer is

Vi — Cig — (my, mg +b; g — my)s,
[mg + big — mill3, + Vi +Vy —2C;,’

Qunc,i,k =

and the constrained optimum is ozi*,k = Ijo,1) (Qunc,i,k)-

The proof is provided in Appendix 7. Theorem 1 shows that the task-head mixing weight is not a free
hyperparameter, but the solution to a client-specific bias—variance trade-off.

Boundary regimes. The adaptive head ¢; (o) = (1—a)@;+a@, unifies two common FedRL regimes.
When task heterogeneity b; 4 is small and local estimation noise V; is large, the variance-reduction
benefit of sharing dominates, pushing o toward 1 and recovering shared-head, FedAvg-style learning.
Conversely, when task mismatch is large, the global head induces a large bias, pushing o toward 0
and recovering the personalized local-head regime. Thus, fully shared and fully local heads are two
boundary cases of the same adaptive mixing principle in MT-FRL. This perspective also explains
why a fixed global « is generally suboptimal under heterogeneous tasks.

4 Proposed Method: Grouped Adaptive Head Mixing

We translate the theory in Section 3 into a practical MT-FRL algorithm. The key challenge is that
adaptive mixing requires a compatible shared prior: a single global head may average conflicting
task directions, increasing the mismatch between local and shared heads and pushing the optimal
mixing weight toward the local extreme. GAdapHeadFRL addresses this by first grouping clients
using warmup update signatures to construct group-specific shared heads, and then computing a
client-specific mixing coefficient from empirical proxies of mismatch and uncertainty.
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Figure 1: System overview of GAdapHeadFRL. During initial phase, clients perform local updates
and send task signatures to the server for automatic grouping. In main training loop, the server
maintains group-specific head prototypes and broadcasts them together with the shared backbone.
Each client locally computes the adaptive mixing coefficient ¢; i, updates under the mixed head, and
returns post-update backbone and head parameters. The design separates group assignment from
sharing intensity: the server selects the prototype, while the client controls how strongly to use it.

4.1 Mitigating Task Conflict via Automatic Grouping

Task signature extraction. During the first IV initial rounds, clients train with fully local heads
(o, = 0). Each client forms an update-direction signature by applying an EMA to the normalized
concatenation of its actor and critic head updates:

o — {Aﬁﬁ?,%?r] Vg = ik Bop Yolik—1 + (1 = 70)vik
" AT T T ekl T Bkt + (L= 7o)kl

@

Automatic grouping. At round W, the server clusters {9; 1}, by spherical k-means, since
the signatures encode update directions. The group number is selected by maximizing the cosine-
silhouette score over M € [Mumin, Mmax]:

: 1 & bi(M) — ai(M) x -
Sil(M) = N ; max{a; (M), by (M)} £ ¢ M* = argﬁlaxSll(M). 3)

Group Assignment and Prototype Initialization. This clustering assigns each client ¢ to a specific
group, denoted by G; € {1,..., M*}. The centroids are used only to determine these hard assign-
ments in the directional signature space. The server then initializes and independently maintains one
shared head for each group, defining these as group-specific head prototypes. Client ¢ subsequently
uses the prototype of its assigned group, (,Zgghk, as its tailored shared prior for the adaptive mixing
phase.

4.2 Practical Implementation of Adaptive Task-Head Mixing

With group prototypes established, each client must decide how strongly to rely on its assigned
prototype. Theorem 1 suggests that the optimal weight balances local uncertainty against prototype
mismatch ||A,,[|3; and shared uncertainty V. Since the exact bias, variance, and covariance terms
are unobservable, we use the first-order surrogate

N Vi
a; N ,
1A%, + Vi +V,

Am = bi,g + mg — My, (4)



which preserves the predicted monotonic behavior: sharing increases with local uncertainty and
decreases with prototype mismatch or shared uncertainty.

We instantiate the surrogate using observable proxies. First, client ¢ estimates a diagonal feature
geometry from a local mini-batch B; x: 3; . = diag(|B; x| ~* 2 (s.a)eB;  Po(8,a) ©po(s,a)) +nl,
regularized by 1 > 0. With smoothed local and group heads ¢; 1 and ¢¢, x, we define

Hiy = ||bcx — @k”ék, Vie =01 =M Vi1 + v dig — &i,k—lH%hka

) 5 . - ®)
Ve e = (1= Ac)Va, k-1 + Aclloc, x — ¢G7¢,k—1H22i1k

where ﬁi,k serves as an observable proxy for how incompatible the current shared prototype is with

the local task, VZ  approximates the local estimation uncertainty (V;), and VG & approximates the
shared-head uncertainty (V;). Ay and A are exponential moving averages rates. Substituting these
proxies into Equation 4 yields the practical adaptive mixing rule:

(6)

Vi
Qi = = - . .
Hip+Vip+ Vg, +e

This rule preserves the same bias—variance trade-off as Theorem 1: ¢ j increases when local
estimation becomes unstable, encouraging stronger reliance on the shared prototype, and decreases
when either the prototype mismatch or the shared-head instability becomes large, thereby preventing
negative transfer. Finally, client ¢ updates its Q-values using the dynamically mixed head

Gir = (1 — i) bir + Cirda, k- (7

During the subsequent local RL update phase, client ¢ optimizes its parameters using trajectories
collected under the mixed head ¢; ;.. This produces the post-update local head ‘ﬁk and the updated
representation backbone 9;;« which are then transmitted to the server.

4.3 Opverall Training Pipeline and Server-Side Aggregation

Figure 1 summarizes the two-phase pipeline. During initial phase, clients use local heads and send
update signatures for grouping. During main training, each client receives the global backbone and
its assigned group prototype, computes «; j, locally, updates under the mixed head, and returns the
post-update backbone and head to the server. The group assignment GG; determines which prototype a
client receives, while the sharing intensity is controlled only by o 5. Let C, j, = {ieS|Gi=r}
denote the selected clients Sy, in group 7 at round k. The server updates group prototypes by averaging
post-update heads within each group and updates the backbone by federated averaging:

. 1 - 1
¢r,k+1 = m Z Qiky 9k;+1 = m Z ajk (8)

e, i€Sk

For clarity, we denote the full framework with both automatic grouping and adaptive head mixing as
GAdapHeadFRL, and the variant without grouping as AdapHeadFRL.

S Experiments

5.1 Benchmark Results on MiniGrid

Benchmarks. For MiniGrid (Chevalier-Boisvert et al., 2023), we construct a unified multi-task
benchmark from a 12-task pool, denoted as MT12, selected from the original MiniGrid environment
suite. We retain environments that are compatible with a shared visual MTRL setting and exclude
instruction-centric tasks whose successful completion depends heavily on textual mission under-
standing. This yields a broader task pool covering navigation, obstacle avoidance, memory, door-key
interaction, and multi-room exploration under a common partially observable visual interface. To
preserve direct comparability with prior work, we keep the original MiniGrid task choices used
by Hendawy et al. (2024), denoted as MTS and MT7. Based on the same MT12 pool, we further
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Figure 2: Average return on MiniGrid under two benchmark scales. Top: MT?3, including the original
split and two additional random sampling splits (MT5-S1/S2). Bottom: MT?7, including the original
split and two additional random sampling splits (MT7-S1/S2). We report the mean and the 95%
confidence interval over 30 independent runs. The dashed horizontal line denotes the performance of
the centralized baseline MOORE (Hendawy et al., 2024).

construct two additional random sampling splits for each scale, yielding MTS5-S1/S2 and MT7-S1/S2.
As a result, each benchmark scale is evaluated on three scenarios with the same task cardinality
but different task compositions and overlaps, allowing us to test not only performance on standard
settings but also robustness under alternative task combinations. The detailed task identities of all
splits are provided in Appendix 10.1.

Baselines. We compare against both central-
ized multi-task RL methods and federated RL MiniGrid MT12 Performance and Stability
baselines. For centralized training, we include
MOORE (Hendawy et al., 2024), a represen-
tative modular MTRL method, and the recent
centralized MTRL architecture of McLean et al.
(2025). For the federated setting, we compare
with FedRL-PPO (Pang et al., 2025), which per-
forms regular federated policy learning based on
PPO, and PFEDRL-REP (Xiong et al., 2025), a
personalized federated RL method that shares
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MT]12 and on the three-set versions of MT5 and  mean performance and lower variability.

MT?7, where MT5 and MT7 average over the original split and two additional randoml};f sampled
splits. Figure 2 reports the average return curves with 95% confidence intervals across 30 runs, and
Table 1 summarizes the final average performance. These results evaluate both learning efficiency
under a fixed local environment-interaction budget and final policy quality across different MiniGrid
benchmark scales.

Table 1 and Figures 2 and 3 show that our methods achieve the best performance in every MiniGrid
scenario and lower variance under heterogeneous task compositions. GAdapHeadFRL outperforms
the strongest personalized MT-FRL baseline in each setting, with the largest gain on MT7, where



Table 1: Main results on MetaWorld and MiniGrid. All values are reported as percentages (%). For
MTI10, MT5, and MT7, we report the average over three sets. Entries are shown as mean = standard
deviation. The upper and lower blocks correspond to centralized training and federated learning
methods, respectively.

MetaWorld MiniGrid
Method Venue MTI10 (3Set) MT50 MTS5 (3Set) MT7 (3Set) MT12
MOORE (Hendawy et al., 2024) ICLR 792452 723+33 737+80 743+73 77.8+£6.0
McLean et al. (2025) RLJ 809+£54 725+£35 680+£94 664+68 64.6+6.0

FedRL-SAC/PPO (Pang et al., 2025) DCS 781+74 656=£31 57.6+59 653+45 68.7+£32
PFEDRL-REP (Xiong et al.,2025) ICLR  78.1+95 673+£10 662+1.1 66.1+82 80.0+2.6
AdapHeadFRL(Ours) - 80.7£22 689+£09 79.1£83 81.8+27 859408
GAdapHeadFRL(Ours) - 849+36 720£06 808+6.1 823132 86.0+0.9
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Figure 4: Distributional analysis of task-level outcomes on MiniGrid. Left: Task instances grouped by
peak normalized return. GAdapHeadFRL produces fewer failed cases and more converged cases than
the baselines, indicating stronger reliability under heterogeneous task compositions. Right: Violin
plots of peak returns across all task instances. Our methods shift the distribution upward, reduce the
low-return tail, and concentrate more density in the high-performance region, helping explain the
lower variability observed in the main results.

it improves over PFEDRL-REP (Xiong et al., 2025) from 66.1% to 82.3%, a 24.5% relative im-
provement. On MT12, the largest and most heterogeneous MiniGrid setting, our two methods obtain
the two highest mean returns and the two lowest standard deviations. GAdapHeadFRL reaches the
best mean return with a standard deviation of 0.9, 85.0% lower than that of the strongest centralized
MT-RL reference. Compatibility-aware and client-adaptive sharing thus improves both final policy
quality and training reliability as task diversity increases.

5.2 Benchmark Results on MetaWorld

Benchmarks. For MetaWorld (Yu et al., 2020b), we use the standard 50-task manipulation suite,
denoted as MT50. To maintain comparability with prior work, we retain the original 10-task split in
Hendawy et al. (2024) as MT10. We further construct two additional 10-task splits, MT10-S1 and
MT10-S2, by sampling from the MT50 tasks. These additional splits allow us to evaluate robustness
under alternative task compositions with the same task cardinality. The task composition of all splits
is given in Appendix 10.2.

Baselines. We use the same centralized baselines as in MiniGrid. For the federated setting, we
implement FEDRL-SAC by replacing the local PPO learner in FEDRL-PPO (Pang et al., 2025) with
SAC, while keeping the same federated training and communication structure. This better matches
the off-policy continuous-control setting of MetaWorld.

MetaWorld Results. As shown in Table 1, both proposed methods outperform prior federated
baselines on both MetaWorld scales. GAdapHeadFRL obtains the best result on MT10 (3Set),
exceeding the strongest personalized MT-FRL baseline and both centralized MT-RL references. It
raises the average success rate of the MT-FRL baselines from 78.1% to 84.9%, an 8.7% relative



improvement. On MT50, GAdapHeadFRL again improves over the strongest federated baseline and
is competitive with the centralized MT-RL methods.

The stability advantage is largest on MT50, the largest and most diverse MetaWorld setting. GAdap-
HeadFRL achieves a standard deviation of 0.6, 82.9% lower than that of the strongest centralized
MT-RL reference, at a comparable mean success rate. Together with the gain of GAdapHeadFRL over
AdapHeadFRL, these results indicate that adaptive head mixing is effective for continuous-control
multi-task FedRL, and that automatic grouping improves the shared priors by reducing interference
among less related manipulation tasks.

5.3 Robustness to Task Heterogeneity

Beyond average learning curves, Fig. 4 examines task-level outcome distributions across 48 MiniGrid
task instances, including 15 from MTS5, 21 from MT7, and 12 from MT12. This view tests whether
the gains are robust across heterogeneous task compositions rather than being driven by a small
number of favorable tasks.

GAdapHeadFRL improves convergence reliability. It reaches the converged regime on 35/48 task
instances (72.9%), compared with 20/48 (41.7%) for FedRL-PPO and 24/48 (50.0%) for PFEDRL-
REP, corresponding to 15 and 11 additional converged cases, respectively. At the same time, the
number of failed cases drops to 5/48 (10.4%), down from 11/48 (22.9%) and 9/48 (18.8%) for the two
baselines. The violin plots further show that GAdapHeadFRL reduces the low-return tail and shifts
the distribution toward the high-performance region, with a median peak return of 0.90 versus 0.74
and 0.80. Adaptive grouping and mixing therefore improve task-level reliability under heterogeneous
compositions, not just average performance.

5.4 Ablation Study

Dynamic vs. Fixed Mixing Weights. We compare the Adaptive « [N — 0.805
proposed adaptive o with several fixed mixing coefficients. «=0.0 —10.662
As shown in Figure 5, adaptive « achieves the highest

average return, outperforming all static choices. Whilea ~ “~°? - 0728
small fixed sharing ratio (¢« = 0.2) is beneficial, larger a=04 — 10649
fixed values lead to noticeable degradation, indicating that =06 0.567
excessive reliance on the shared head can hurt performance o os -

under task heterogeneity. This result is consistent with our
theory: rather than being any fixed value, the optimal mix-  «=1.0 10549
ing stre.ngth.should vary with thfe degrge .of task mlsmgtch 00 o2 o2 o6 oa
and estimation uncertainty during training. Appendix 9 Average Return
further analyzes how grouping affects the mismatch proxy

H and the resulting o.

Figure 5: Dynamic vs. fixed mixing
weights.

Empirical Coefficient Validation. We compare the practi-
cal coefficient with a checkpoint-specific empirical oracle
on MiniGrid MT35, freezing the representation, local critic
head, group prototype, and Bellman targets and sweeping
« € [0, 1]. The oracle minimizes critic loss over this sweep

Table 2: Practical coefficient vs. empiri-
cal oracle on MiniGrid MT5.

on an independent selection split. Table 2 reports convex Round Convex Mean  Mean MAE

profiles in 90-94% of cases and coefficient MAEs of 0.074 (%) _Qoracle practical

and 0.068 at rounds 250 and 500, showing close agree- 250 90 0.236 0.219 0.074
ment between the practical coefficient and the checkpoint- 500 94 0287 0271 0.068
specific empirical loss minimizer at both evaluated check-
points.

5.5 When Does Selective Sharing Help?

The benefit of selective head sharing should depend on the structure of task heterogeneity. If all
tasks were equally related, a single shared prior would suffice and grouping would add nothing.
If tasks were entirely unrelated, no amount of sharing would help. The informative regime lies



in between, and we test whether the two components respond to it as the analysis predicts. We
therefore construct three same-cardinality MetaWorld MT10 sets with different levels of task-update
alignment, which avoids confounding by task count. From a common initialization, each task is
trained independently for 20K environment steps without federation or head sharing. Following the
update-similarity criterion of Sattler et al. (2021), heterogeneity is measured as the average pairwise
cosine dissimilarity between the resulting local updates. The ordering of the three sets is stable across
measurements at SK—-20K steps, so the ranking does not depend on the probe length. For each set, we
then train PFEDRL-REP, AdapHeadFRL, and GAdapHeadFRL under the same budget and attribute
the improvement over PFEDRL-REP to its two sources.

Figure 6 decomposes the improvement over PFEDRL-
REP into the gain from adaptive mixing and the ad- Grouping (Ag) Adaptive mixing (Aq)

ditional gain from geometry-based grouping. Atlow & , Total +9.6
heterogeneity, selective sharing provides a modest to- % Total +7.9

tal gain of 2.9 percentage points, primarily through & 8 3.6
geometry-based grouping. At medium heterogeneity, & 6

the grouping contribution increases to 6.5 points, show- § 41 Total +2.9 +6.5

ing that partner selection is especially valuable when the 2 ) : HEH
tasks form compatible subsets. At high heterogeneity, 5 2.5 14

adaptive mixing becomes the larger contributor, provid- © © Low Medium High

ing 6.0 points compared with 3.6 from grouping. This
indicates that when cross-task compatibility is weak
overall, client-specific control of the sharing strength Figure 6: Gain decomposition over
becomes increasingly important. Together, these results PFEDRL-REP on three MetaWorld MT10
show that the two components address complementary  sets ordered by update heterogeneity: A,
aspects of heterogeneity: adaptive mixing determines from adaptive mixing, A, additionally
how much to share, while directional grouping deter- from grouping.

mines with whom to share.

Relative task heterogeneity

5.6 Deployment Robustness

Beyond static full participation, we evaluate new-client assignment, partial participation, and tem-
porarily missing groups. Table 3 summarizes both evaluations.

Table 3: Deployment robustness: new-client assignment on MetaWorld MT10 (left) and partial
participation on MiniGrid MT12 (right). RMST is measured in communication rounds.

Early Stepsto Final Rate Final Retained RMST to

Integration strategy AUCT 0.8]) returnt (%) performance performance 90% baseline
Local only 0.5050 300k 0.9101 50 79.0+£0.7 91.9% 160
Global prototype  0.6041 275k 0.8761 75 84.7+0.5 98.5% 156
Refreshed centroid 0.6272 175k  0.9968 100 86.0+0.9 100% 66

New-client assignment. We hold out drawer-open-v3 and drawer-close-v3 in MetaWorld
MT10. After training, group centroids are recomputed from updated signatures with memberships
fixed. Each new client uses a short local probe and joins the most compatible centroid. Local-only
adaptation performs well but learns slowly, whereas a single global prototype improves early transfer
but lowers final return. Refreshed-centroid assignment performs best both early and finally, reaching
0.8 in 175k steps, 41.7% fewer than local adaptation.

Partial participation and missing groups. Across 10 matched seeds per participation level on
MiniGrid MT12, the previous prototype is retained whenever a group is absent. At 75% participation,
GAdapHeadFRL retains 98.5% of full-participation performance, with slower convergence, and at
50% it retains 91.9%. Together, refreshed centroids and retained prototypes support these deployment
shifts with limited degradation.

10



6 Conclusion

We studied MT-FRL under structured task heterogeneity and proposed GAdapHeadFRL, which
combines geometry-aware grouping with adaptive head mixing. By interpolating between local and
shared task heads according to task mismatch and estimation uncertainty, it builds more compat-
ible shared priors while avoiding negative transfer. On MiniGrid and MetaWorld, it consistently
improves over federated baselines and remains competitive with strong centralized MT-RL methods,
highlighting adaptive intermediate sharing as an effective principle for heterogeneous federated RL.

Two directions follow from this work. The analysis is exact for linear task heads and extends to
nonlinear heads only locally, so a global characterization under nonlinear heads remains open. Group
assignments are also fixed after warmup, whereas task relationships may drift as the shared backbone
evolves, and periodic regrouping would extend the framework to non-stationary deployments.
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7 Proofs of Theoretical Results

7.1 Justification of Assumption 1.

By the Cauchy—Schwarz inequality, |C;4| < /V;V, always holds. Assumption 1 strengthens this
bound only by requiring the inequality to be strict up to a constant p < 1, thereby excluding the
degenerate case where local and global estimation noises are perfectly collinear. This is natural in
MT-FRL because the global head aggregates stochastic updates from multiple clients with differ-
ent environments, trajectories, and mini-batches, so its estimation noise is generally not an exact
deterministic copy of any single client’s local noise.

7.2 Proof of Lemma 1 (Orthogonal Decomposition)
Orthogonal projection arguments are commonly used to separate approximation and estimation
errors in least-squares learning and value-function approximation (Hastie et al., 2009; Munos et al.,

2008; Tsitsiklis et al., 1997; Bertsekas et al., 1996). Here, we use this principle to separate the
representation-induced error from the task-head error.

Proof. By definition, the local Bellman residual for client ¢ at iteration k, using the mixed projection
head ¢;(«) and a fixed representation 6, is given by the expected squared TD error:

i k(@) = By, [ ({00, bik(0)) = T Qin)’] ©)

To decouple this error, we add and subtract the optimal local projection term (g, ¢; ;,(0)) inside the
squared objective:

gik(a) =Ky, {(@097 i1 (@) = 071.(0)) + (o, 074 (0)) — TfQi,k)j (10)

Expanding the square yields three distinct terms:
eir(@) = By, [0, 6ix(@) = 61,(0))°]
+ By, [((0,014(0)) — T Qi) (1)
+ 2B, (00, D1.0(0) = 14(0)) (0, 1 (0) — T Qi)

We analyze each term in Equation 11 separately:

Term 1 (Head Estimation Error): We can rewrite the expected squared inner product as a quadratic
form using the local feature covariance matrix 3;(0) = E,, [popg |:

By, [((Bik(@) = 624(0)) T00)°] = o, [(Bik(c) = 6140) Twoq (Binle) — 67,(0))
= (Ji4(a) = 634(0) TEu,[000d | (Bi(a) — 654(6) (1)
= [|#1k(0) = 614 (O)I5, 0,

Term 2 (Representation Error): By definition, this term is the minimum representational error
achieved by the optimal head ¢; , (0). This term is independent of the mixing parameter o

Erep,i,k(e) = El/i |:(<900a (b:,k(e» - Z*Qi,k)2:| (]3)

Term 3 (Cross-Term): Recall that the optimal local head ¢}, (¢) is defined as the minimizer of the
local squared projected Bellman error. Let the objective function be defined as:

76) =Eu, [((g0.0) ~ T Q)] (14)
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To find the minimum, we take the gradient of J(¢) with respect to the vector ¢ by applying the chain

rule:
Vd(¢) =2E,, (0o ((vo, ¢) — T Qix)] (15)

Since ¢7 . (0) is the optimal solution, the first-order optimality condition requires that the gradient
evaluated at ¢; ; (0) must be strictly zero. Setting VJ (¢ ;(¢)) = 0 and dividing by 2 yields the
normal equations (which act as the orthogonality principle in this space):

Ev, [po ({0, &7 x(0)) — T Qix)] =0 (16)
Return to the cross-term, we can rewrite the first inner product as a matrix multiplication:

T . b

re d)z (o) —¢f . (0) = (qbz k(a)— :k(H)) g. Because the vector difference (¢i,k(a) fgbzk(é)))
is fixed for a glven iteration and deterministic with respect to the expectation over the state-action
distribution v;, we can factor it out:

Ev, [(6ix(0) = 674(0) "o ({0, 974(0)) — T Qi) |
= (din(a) - @M))TE (00 (00, 951(0)) — T Qir)] a7
— (fip(a) — &%) 0 =0

By substituting the normal equations (Equation 16) established above, the expectation exactly matches
our zero-gradient condition, collapsing the entire term.

T

Substituting the simplified Terms 1, 2, and 3 back into Equation 11, we obtain the final exact
decomposition:

gir(e) = H¢7 k ¢f,k(‘9)||22i(9) + Erep,i,k(0)- (18)
O

7.3 Proof of Theorem 1 (Strict Convexity and Analytic Minimum)

Proof. By definition, the expected head estimation error is given by

Ei(a) = E[|[$i(a) — dF 1 (013, s)]-

For notational simplicity, we drop the iteration subscript £ on the optimal local head.

Step 1: Bias-Variance Decomposition of the Head Error R
We first substitute the stochastic estimates ¢; = ¢; +m; + & and ¢; = ¢ + my + &, into the
definition of the adaptively mixed head qgi(a) =(1- Oé)qgi + anbg:
$i(e) — ¢ = (1= ) (&} +mi+ &) + a(dy +mg + &) — ¢}
= a(dy; — ¢) +mi +a(mg —m;) + (1 — a)§ + afy (19)

By substituting the task heterogeneity definition b; ; = ¢, — ¢; and grouping the deterministic and
stochastic terms, we obtain:

Qgi(a) —¢r =m; + O‘(bi,g +my — mg) + (1 — )& + aly (20)

Deterministic Bias D (a) Stochastic Noise S ()

When we compute the expected squared X;-norm, &;(ar) = E[||D(a) + S(a)[|%,]. the cross-term is
2E[(D(«), S(a))s,]. Because the bias D(«) is deterministic and the estimation noise £ has strictly
zero mean (E[¢;] = E[¢,] = 0), this cross-term evaluates to exactly zero. Thus, the error exactly
decouples into a bias-variance trade-off:

Ei(a) = [ID()IIE, +E[IS(@)],] 21

Step 2: Expanding the Deterministic Bias Term

Let A, £ mg + b; o — m; represent the effective deterministic shift. We can expand the squared
¥;-norm of the bias D(«):

ID()[I3, = lImi + a3,
= (mi +alp) " 2i(m; + al,,) (22)
= [mill, + 20(mi, Am) s, + 0?(|An|3,

15



Step 3: Expanding the Stochastic Variance Term
Using the linearity of expectation and the definitions V; = E||& |3, Vy = E[|§]|%,, and Cjy =

E[¢;" 2:€,], we expand the variance term S (v):
E[IS(@)lIE,] =E [((1-a)& +a&) " Si((1 - a)6i +ag,)]
= (1 - a)’Ell&G]3, + PE[& |3, + 201 — a)E[E Ti&,] (23)
= (1 -2a+a®)V; + oV, + (2a — 2a%)C;
= a2(Vi + Vg — 201'9) + 20‘(01'9 -Vi)+V;

Step 4: Proving Convexity
By combining Equation 22 and Equation 23 back into Equation 21, the total expected error &; () is a
quadratic function of a:

Ei(a) = a2 (| Aml[E, +Vi+Vy =2 ) +2a((mi, M), = Vi+ Cig) + (Imill3, +V7) @4)

To determine the convexity of this function, we compute its second derivative with respect to a:
82 52 (Ot)
oo
Since Y; is a positive semi-definite covariance matrix, || A, [|3;, > 0. For the variance components,
Assumption 1 states that there exists a p € [0,1) such that |C;y| < py/ViV,. By the AM-GM
inequality, we know /V;V, < %(V; + V). Therefore:

= 2(llAmlE, + Vi +Vy - 2Ciy ) (25)

2059 < 2[Cig| < 2p\/ViVy <24/ViVy < Vi+ Vg (26)
This inequality guarantees that V; + V;, — 2C};; > 0. Consequently, the second derivative is positive

2 . . .
(%j} > 0), proving that & («) is a convex function of a.

Step 5: Finding the Analytic Minimum
Because &;(«) is convex, its unique global minimum occurs where the first derivative is zero. Taking
the first derivative of Equation 24 and setting it to zero:
9&i(a)
foJe

Solving for «, we obtain the unconstrained optimal mixing coefficient:

Vvi - Cig - <mi7Am>E-
Qune = - 28
1Anl, + Vit V, - 2Csy @

- 2a(\|AmH%i FVi+V, - ZCig) + 2(<mi, An)s, — Vi + cq) -0 @7

Substituting back A,,, = b; 4 + my, — m; yields the exact expression presented in Theorem 1.

Finally, since the mixing weight in practice must be a valid convex combination « € [0, 1], and the
objective function is a convex parabola, the optimal constrained weight is simply the projection of
the unconstrained minimum onto the valid interval: o = o q (Qtunc)- O

8 Extension to Nonlinear Task Heads

Lemma 1 and Theorem 1 are exact for linear task heads under a fixed representation. For a smooth
nonlinear head, the same analysis admits a local first-order extension, which we state here to clarify
the scope of the main results. Let Qg (s, a) = hy(@a(s, a)) with head parameters ¢ € RP, and fix
the representation 6, the sampling distribution ;, and the Bellman target within a round. Around a
reference head ¢ (for example the local head at the start of the round),

Q0.6(5,0) % Quon(5:0) + Ty 5:0) (0 0), T, = P )
d=¢o

where Jy,, is the Jacobian of the head output with respect to its parameters. This converts the nonlinear
head into a local linear model in ¢, in the spirit of first-order neural-network analyses (Jacot et al.,
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2018; Lee et al., 2019), but applied only within one round and around the current head rather than
globally over training.

Under this linearization, the feature covariance 3;(0) = E,, [pg(4 | of the linear analysis is replaced
by the Jacobian-induced local metric

I, :=E,, [J¢O(s7a)TJ¢O (s, a)] , (30)

50 that ||¢, & — i x |£, measures how a difference between the shared and local head parameters
translates into an output difference on task 7. With ¥; replaced by I'; and the optimal local head
replaced by the least-squares minimizer of the linearized model, the normal-equation argument of
Lemma 1 goes through unchanged, so the head-error term retains the same quadratic form, and
the proof of Theorem 1 applies verbatim to the linearized error since it uses only that the metric is
positive semidefinite and that ¢, () is affine in «. The bias—variance reading therefore remains
locally valid: sharing reduces local estimation uncertainty, while excessive sharing introduces bias
when the shared and local heads are mismatched.

For a linear head, J,, = ¢, , so I'; = ¥, and the linearization is exact. The main results are thus
exact for linear heads and a local first-order approximation for nonlinear heads. The approximation
error is the Taylor remainder of Eq. (29), which under a locally bounded head Hessian is of order
| i k() — dol|3, that is, quadratic in the local-shared displacement along the mixing path. Because
the shared backbone also evolves during training, this extension should be interpreted locally at the
current representation and head, not as a global guarantee over the optimization trajectory.

8.1 Empirical Evaluation with Multilayer Nonlinear Heads

To complement the local analysis above, we evaluate the sharing principle on Bi-DexHands
MT4 (Chen et al., 2024) using PPO with multilayer nonlinear actor—critic heads. Table 4 reports
the four task returns and their average. GAdapHeadFRL improves all four tasks over the compared
methods and raises the average return from 5.4 for the centralized reference to 6.8, providing direct
evidence that mismatch—uncertainty-based sharing remains effective with multilayer nonlinear heads.

Table 4: Returns on Bi-DexHands MT4 with multilayer nonlinear actor—critic heads. Higher is better.
Averages are rounded to one decimal place.

catch_ two_catch
Method hand_over - < ~ catch_abreast Average
underarm underarm

Centralized (Chen et al., 2024) 16.5 2.0 0.6 2.5 5.4
FedRL-PPO (Pang et al., 2025) 7.3 1.5 0.6 0.5 2.5
PFEDRL-REP (Xiong et al., 2025) 44 1.2 1.0 1.0 1.9
GAdapHeadFRL (Ours) 17.5 4.2 2.2 3.1 6.8

9 Analysis of the Grouping Mechanism

This section complements the main-text ablation with three questions: whether the discovered groups
reflect real structure in task updates, whether grouping alone is sufficient without adaptive mixing,
and how the choice of update signature affects both clustering quality and performance.

9.1 Is Grouping Alone Sufficient?

Fig. 7(a) projects the task update signatures collected during the warmup stage on MiniGrid MT5
into a two-dimensional PCA space. Tasks assigned to the same group form coherent local clusters
even in this low-dimensional view, indicating that the automatic grouping captures genuine similarity
in update directions rather than arbitrary partitions.

Using these same assignments, Fig. 7(b) compares FedRL-PPO, FedRL-PPO with grouping, and the
full GAdapHeadFRL. Grouping alone improves over the single global head, but the gain is modest
and smaller than that of the full method. This is consistent with the heterogeneity-regime study in
Section 5.5: the contribution of grouping peaks when tasks form compatible subsets and diminishes
as heterogeneity increases, where adaptive mixing becomes the dominant source of improvement.
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Figure 7: Additional analysis of the grouping mechanism on MiniGrid MTS5. (a) PCA visualization
of task update signatures, showing coherent task clusters. (b) Grouping ablation with the same
assignments as in (a). Grouping alone changes transfer behavior but does not guarantee optimal
sharing, while combining grouping with adaptive head mixing achieves the best performance.

Table 5: Ablation of grouping and signature construction on MetaWorld MT10 (3Set) under adaptive
mixing.

Variant Success rate (%) A
No grouping 80.7 -
Direction + magnitude 80.9 +0.2
Importance-weighted 81.7 +1.0
Raw update 82.8 +2.1
Geometry-based (Ours) 84.9 +4.2

The reason is that grouping only decides with whom a task shares, not how much. When cross-task
compatibility is weak, even within-group heads retain a non-negligible mismatch with each task, and
a grouping-only variant, which applies a fixed transfer intensity, cannot adjust its reliance on the
shared head to this residual mismatch.

MetaWorld MT10 shows the same pattern. Relative to the no-grouping baseline, random, manual, and
automatic grouping with a fixed o reach 80.1%, 81.2%, and 83.1%, and the full method with adaptive
mixing reaches 84.9%. Three observations follow. Even random grouping helps, so restricting sharing
to subsets already alleviates cross-task interference of a single global head. Automatic grouping
outperforms manual grouping, so the useful sharing structure is better reflected by update-direction
geometry than by human task categories. Adaptive mixing adds a further gain on top of the best

grouping.

9.2 Grouping and Signature Design

Table 5 compares update-signature choices under adaptive mixing on MetaWorld MT10 (3Set), with
improvements measured relative to no grouping. The direction-only signature used by GAdapHead-
FRL gives both the best performance (84.9%) and the most reproducible clustering, a stable K = 4
partition with ARI/NMI of 0.96,/0.97. Raw updates produce a coarse two-group partition (ARI/NMI
0.81/0.80) and reach 82.8%, while importance weighting and direction with magnitude yield less
reproducible clusterings with varying group counts and drop to 81.7% and 80.9%, respectively.
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Figure 8: Evolution of the task-head mismatch proxy H (left) and the adaptive mixing coefficient «
(right) with and without grouping. Grouping lowers the estimated mismatch and correspondingly
raises the selected sharing strength.

9.3 Effect of Grouping on Task-Head Mismatch and Adaptive Mixing

Figure 8 tracks the two coupled quantities of the adaptive mixing rule during training. Grouping
consistently lowers the estimated mismatch H between the local head and the shared prior, and
the rule responds by selecting a larger mixing coefficient . The curves thus make the intended
mechanism visible: H measures task-prior incompatibility, and « adjusts the degree of transfer
accordingly.

10 Environment Details and Proposed Benchmark Variants

10.1 MiniGrid: Original Splits and Our Additional Variants

Following the setup described in the main text, all MiniGrid experiments use the visual observation
setting with a 7 x 7 x 3 partially observable input. Our MiniGrid benchmark is built from a 12-task
pool (MT12) under a unified visual MTRL setting. In addition to retaining the original splits used
in Hendawy et al. (2024) as MT5 and MT7, we further introduce two additional sampled variants
for each scale, namely MT5-S1/S2 and MT7-S1/S2. Moreover, we also evaluate on the full 12-task
benchmark MT12, which is used as a broader heterogeneity setting.

In our notation, SimpleCrossing, Pickup, and DynObs correspond to the official MiniGrid envi-
ronments Crossing, UnlockPickup, and DynamicObstacles, respectively. The detailed task
composition of all splits is reported in Table 6.

10.2 MetaWorld: Original Split and Our Additional Variants

Following the setup described in the main text, all MetaWorld experiments are conducted under the
same unified multi-task continuous-control setting. Our MetaWorld benchmark is built from the
standard 50-task pool (MT50). We retain the original split used in Hendawy et al. (2024) as MT10,
and further introduce two additional sampled variants, namely MT10-S1 and MT10-S2.

For reproducibility, the two additional MT10 splits are sampled from the MT50 task pool after
removing the original MT10 tasks. Specifically, we follow the canonical MT50 task order, shuffle
the remaining 40 tasks using a fixed random seed, and assign the first 10 and the next 10 tasks
to MT10-S1 and MT10-S2, respectively. The detailed task composition of all splits is reported in
Table 7. Since MetaWorld contains a large number of manipulation tasks, we do not provide per-task
descriptions here.

11 Detailed Results on the MetaWorld MT10 Variants

In the main text, we report only the aggregated performance over the three MT10 variants to keep
the presentation concise. Table 8 provides the corresponding split-wise results on the original MT10
benchmark and the two additional sampled variants introduced in this work. These detailed results
offer a more fine-grained view of how each method behaves under different task compositions with
the same task cardinality.
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Table 6: Task composition of the MiniGrid benchmarks. MT5 (ori) and MT7 (ori) follow Hendawy
et al. (2024). MT5-S1/S2 and MT7-S1/S2 are newly sampled subsets from MT12. Pickup denotes
UnlockPickup, DynObs denotes DynamicObstacles, and SimpleCrossing denotes Crossing.

RedBI . . Simpl . . Fi
MT \Task ;)oofe DoorKey DistShift LavaGap Memory C:(I)l;:i:g MultiRoom Unlock Empty Pickup DynObs Ro?)l:s
MTS5 v v v v v
MT5-S1 v v v v v
MT5-S2 v v v v v
MT7 v v v v v v v
MT7-S1 v v v v v v v
MT7-S2 v v v v v v v
MT12 v v v v v v v v v v v v

Table 7: Task composition of the MetaWorld benchmarks. MT10 follows Hendawy et al. (2024).
MT10-S1 and MT10-S2 are newly sampled 10-task subsets from the MT50 task pool after removing
the original MT10 tasks. The sampling uses the canonical MTS50 task order.

MT Task composition

reach-v3, push-v3, pick-place-v3, door-open-v3, drawer-open-v3,

MT10 drawer-close-v3, button-press-topdown-v3, peg-insert-side-v3, window-open-v3, window-close-v3

faucet-close-v3, hammer-v3, plate-slide-back-v3, assembly-v3, disassemble-v3,

MT10-81 handle-pull-side-v3, door-lock-v3, button-press-topdown-wall-v3, coffee-pull-v3, coffee-push-v3

MT10-S2 door-unlock-v3, button-press-v3, handle-press-side-v3, plate-slide-v3, door-close-v3,
dial-turn-v3, pick-place-wall-v3, handle-press-v3, plate-slide-back-side-v3, lever-pull-v3
MT50 All 50 official MetaWorld tasks.

Overall, the results in Table § are consistent with the conclusions drawn in the main text. Our adaptive-
head methods remain competitive across all three MT10 sets, and the full method, GAdapHeadFRL,
achieves the strongest overall performance when averaged across the variants. This supports our
central claim that combining adaptive mixing with grouping yields a more robust federated transfer
mechanism under heterogeneous multi-task continuous-control settings.

12 Baseline Architecture Results

This appendix compares our implementations of selected baseline MTRL architectures with the results
reported in prior work on MiniGrid and Meta-World, using the training budget of the corresponding
original papers. The reproduced numbers are within a few points of the published ones. For the
MiniGrid results, the public MOORE numbers are approximated from the performance curves
reported in McLean et al. (2025). For the Meta-World results, the public MOORE numbers are drawn
from both McLean et al. (2025) and (Hendawy et al., 2024). When two public numbers are shown in
the same cell, the first one corresponds to source (1) and the second to source (2). Entries prefixed
with ~ denote values that were not explicitly reported in a table and were instead read approximately
from the published curves.

13 Implementation Details

This appendix summarizes the implementation details of our federated training pipeline and the
additional hyperparameters introduced by adaptive mixing and automatic grouping. We intentionally
omit architecture- or method-specific components that are not used in our framework (e.g., mixture-of-
experts task encoders), and focus only on the hyperparameters required to reproduce AdapHeadFRL
and GAdapHeadFRL.

Common Federated and Adaptive-Mixing Hyperparameters. Table 11 reports the common
federated training settings and the method-specific hyperparameters used by AdapHeadFRL and
GAdapHeadFRL. The same adaptive-mixing rule is applied to both actor and critic heads. For the
warmup length W, we are motivated by Pang et al. (2026) to decouple structure discovery from
the early unstable optimization phase, and therefore trigger grouping only after training has entered
a relatively stable regime. We set W to approximately 10% of the total communication rounds.
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Table 8: Detailed results on the three MT10 sets of MetaWorld. All values are reported as percentages
(%) and rounded to one decimal place. The last column reports the average over the three MT10 sets.
Entries are shown as mean =+ standard deviation when both are available.

Method Set 0 Set 1 Set 2 MT10 (3Set)
MOORE 849+56 69.7+40 82958 792+£52
McLean et al. 86.0£35 712+78 855+£49 809+54
FedRL-SAC 763+ 18 735+£16 845+3.6 781+74

PFEDRL-REP 803+12 682+16 858+03 78.1=£95
AdapHeadFRL  81.74+39 742+15 862410 80.7+22
GAdapHeadFRL 88.2+13 77.8+80 88.7+15 84.9+3.6

Table 9: Replication of selected MiniGrid baseline results. All values are success rates (%). Entries
prefixed with ~ are approximate values read from published curves.

Baseline Architecture MT5 (Ours)  MTS5 (Pub)  MT7 (Ours)  MT7 (Pub)
MOORE (Hendawy et al., 2024) 78.4 ~78 79.0 ~T7

Empirically, this choice matches the observed learning dynamics: in Fig. 2, the MiniGrid curves
already begin to flatten around this stage, indicating that the task update signatures have become
more reliable for clustering.

MiniGrid. Following the main experimental setting, all MiniGrid experiments use the visual
observation space. To better observe the full training dynamics, we increase the training budget of all
MiniGrid methods to 500 communication rounds. This change is applied uniformly across baselines
and our methods, so the comparison remains fair. We use PPO as the local RL algorithm on MiniGrid.
The network architecture consists of a shared representation block and task-specific output heads.
The representation block contains three convolutional layers with channels [16, 32, 64], kernel sizes
[(2,2),(2,2), (2,2)], and activation functions [ReLU, ReLU, Tanh]. The output head contains two
linear layers for each task, with hidden/output dimensions [128, |.A|] for the actor and [128, 1] for the
critic, using activation functions [Tanh, Linear].

MetaWorld. For MetaWorld, we use SAC as the local RL algorithm on MetaWorld. The representa-
tion block is implemented as a 3-layer MLP with hidden dimension 400 in each layer and activation
functions [ReLU, ReLU, Linear|. We match all methods by the tofal local environment interaction
budget, rather than by communication rounds alone. Specifically, each client is trained with the same
total budget of 20M local environment steps, evenly distributed across tasks within the benchmark.
Thus, although our method uses 200 communication rounds, the per-round rollout budget is reduced
accordingly so that the total local interaction budget remains unchanged.

For a benchmark with T tasks, the per-task rollout budget per round is 202700?)%' Therefore, this

yields 10,000 local steps per task per round on MT10, and 2,000 local steps per task per round on
MTS50. Our method therefore does not use more local interaction data than the baselines. It only
redistributes the same total budget over more communication rounds.

Communication and computation overhead. We briefly compare the additional overhead of
GAdapHeadFRL against the federated baselines. Let the communication cost of synchronizing the
full shared model (backbone + task head) in FedRL-PPO/SAC be normalized to 100%. If we denote
the backbone size by P, and the task-head size by P, then PFEDRL-REP, which does not synchronize
the task head, incurs a normalized communication cost of P,/(P, + P,) per round. In contrast,
GAdapHeadFRL behaves like PFEDRL-REP during the warmup phase and like FedRL-PPO/SAC
after grouping. Therefore, over T total rounds with a warmup length W, its average normalized

communication cost is 22 ”7(,7(;) VL))(}S)”P h) =1 — % %, which lies strictly between PFEDRL-

REP and FedRL-PPO/SAC. Since the synchronized task head is small relative to the full model in our
implementation, the absolute communication difference among the three methods is correspondingly
small. Table 14 reports the exact cumulative FP32 payload under the evaluated architectures, taking
full-model synchronization (FedAvg) as the reference. GAdapHeadFRL transmits 90.90% of the
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Table 10: Replication of selected Meta-World baseline results. All values are success rates (%).
Entries prefixed with ~ are approximate values read from published curves.

Baseline Architecture MT10 (Ours) MT10 (Pub) MT50 (Ours) MT50 (Pub)
MOORE (Hendawy et al., 2024) 84.9 83.2(1)/88.7(2) 723 72.0/72.9%)
McLean et al. (2025) 86.0 ~86 72.5 ~72

Note. For MOORE, source (1) refers to McLean et al. (2025) and source (2) refers to (Hendawy et al., 2024).

Table 11: Common federated and adaptive-mixing hyperparameters.

Hyperparameter MiniGrid ~ MetaWorld
Client fraction 1.0 1.0
Local epochs per round 1 1
Warmup rounds W 50 20
Minimum number of groups M in 2 2
Maximum number of groups Mmax 4 8
EMA rate for local instability Ay 0.10 0.10
EMA rate for shared instability Ag 0.10 0.10
Diagonal geometry regularizer 7 10-3 10-3
Numerical stabilizer € 10-8 10-8

FedAvg total on MiniGrid MT5 over 500 rounds and 99.95% on MetaWorld MT 10 over 200 rounds,
confirming that it never exceeds the communication cost of full synchronization.

In terms of computation, the extra cost of GAdapHeadFRL comes from three lightweight compo-
nents: warmup-stage signature accumulation, one-time spherical k-means clustering, and per-round
prototype maintenance and scalar mixing. These operations are low-dimensional and occur outside
the main RL optimization loop, so their cost is not the dominant component compared with rollout
collection and local actor—critic training.

Hardware Configuration We report the hardware configuration used for the two benchmark suites
for completeness. MiniGrid experiments were conducted on a workstation equipped with an AMD
Ryzen Threadripper PRO 3995WX CPU, 1.0 TiB system memory, and 2 NVIDIA GeForce RTX
3080 GPUs. MetaWorld experiments were conducted on a server equipped with dual Intel Xeon
Platinum 8480C CPUs, 2.0 TiB system memory, and 8 NVIDIA H200 GPUs.

14 Limitations and Broader Impacts

Our method has several limitations. First, although Theorem 1 provides an analytic characterization
of the optimal mixing coefficient, the exact optimum depends on unobservable quantities such as
task-specific bias and noise cross-covariance. As a result, the practical implementation relies on a
first-order surrogate rather than an exact realization of the theoretical optimum. Second, the proposed
grouping mechanism assumes that the warmup-stage update signatures provide a sufficiently stable
summary of task relationships. In highly unstable or non-stationary settings, the grouping quality
may become sensitive to the warmup dynamics, which could reduce the reliability of the resulting
shared prototypes. There is room for exploring better grouping methods.

From a broader-impact perspective, our framework may have positive value in privacy-preserving
collaborative learning settings, since it enables knowledge sharing without requiring clients to
exchange raw local trajectories. At the same time, like other reinforcement learning methods, it may
be misused or deployed in safety-critical settings without sufficient safeguards. Improved federated
optimization does not by itself guarantee safe, fair, or socially beneficial deployment.
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Table 12: MiniGrid training hyperparameters.

Table 13: MetaWorld training hyperparameters.

Hyperparameter Value Hyperparameter Value
Communication rounds 500 Communication rounds 200
Head patterns linear_layer Total local environment steps per client 20M
Discount factor v 0.99 Budget allocation across tasks even split
Batch size 128 Per-task rollout steps per round (MT10) 10000
Per-task rollout steps per round (MT50) 2000
Head patterns linear_layer
Discount factor ~y 0.99
Batch size 1280
Replay size 106

Table 14: Exact cumulative FP32 communication payload under the evaluated architectures.

Setting FedAvg total ~ GAdapHeadFRL total ~ Relative to FedAvg
MiniGrid MTS5, 500 rounds 5.6904 GB 5.1741 GB 90.90%
MetaWorld MT10, 200 rounds 16.4738 GB 16.4657 GB 99.95%
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Answer: [Yes]

Justification: The abstract and introduction accurately summarize the paper’s scope and
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much the results can be expected to generalize to other settings.
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Table 15: Hardware configuration used in our experiments.

Component MiniGrid MetaWorld

CPU model AMD Ryzen Threadripper PRO 3995WX Intel Xeon Platinum 8480C
CPU configuration 1 socket, 64 cores, 128 threads 2 sockets, 56 cores/socket, 224 threads
System memory 1.0 TiB 2.0 TiB

GPU model NVIDIA GeForce RTX 3080 NVIDIA H200

Number of GPUs 2 8

GPU memory (per GPU) 10240 MiB 143771 MiB

NVIDIA driver version 570.211.01 550.144.03

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
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a complete (and correct) proof?
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Justification: The paper states the assumptions needed for its main theoretical results in
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intuition and role of each result.

Guidelines:

» The answer [N/A] means that the paper does not include theoretical results.
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* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.
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of the paper (regardless of whether the code and data are provided or not)?
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be necessary to either make it possible for others to replicate the model with the same
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* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

o If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Please refer to the appendix.

26



Guidelines:

* The answer [N/A] means that the paper does not include experiments.
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* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: This article does not involve human subjects. We comply with all requirements.

Guidelines:
* The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
e If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: Please refer to the appendix.
Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?
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Answer: [N/A]

Justification: This work does not release a high-risk generative model, a scraped Internet-
scale dataset, or other artifacts with an obvious dual-use or misuse profile of the kind
targeted by this question. The paper focuses on a methodological contribution for multi-task
federated reinforcement learning and evaluates it on standard benchmark environments, so
this safeguard question is not directly applicable.

Guidelines:

e The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We explicitly cited all datasets and code repositories used. Their license
requirements are met.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The paper introduces new benchmark variants rather than new raw datasets or
pretrained models, including additional sampled task splits for MiniGrid and MetaWorld.
These new assets are documented in the appendix through a description of how the splits are
constructed and tables listing their detailed task compositions (Appendix 10).

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.
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* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]

Justification: The paper does not involve crowdsourcing or research with human subjects.
All experiments are conducted on standard reinforcement learning benchmark environments,
so participant instructions, screenshots, and compensation details are not applicable.

Guidelines:

* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]

Justification: The paper does not involve crowdsourcing or research with human subjects.
Therefore, participant risk disclosure and IRB approval are not applicable.

Guidelines:

* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]

Justification: The core method development in this research does not involve LLMs as an
important, original, or non-standard component. The paper focuses on a multi-task federated
reinforcement learning method, its theoretical analysis, and benchmark evaluations, so LLM
declaration is not applicable.

Guidelines:
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