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Abstract
Autonomous AI Agents powered by LLMs have
shown remarkable abilities in diverse domains.
However, the training process typically require
centralized collection of large amounts of real-
world user data, posing substantial privacy and
regulatory concerns. To this end, we explore
a new decentralized training paradigm, namely
FEDAGENT (Federated Agent Reinforcement
Learning), which enables collaborative learning
of AI agents across distributed clients without
sharing local data. Moreover, we construct the
first decentralized agent learning environment
FEDAGENTGYM, which includes four types of
LLM agents, two application scenarios (WebShop
and ALFWorld), three variations of decentral-
ized settings, and three newly defined heterogene-
ity challenges (Preference Heterogeneity, Cov-
erage Heterogeneity, and Hardness Heterogene-
ity), to systematically investigate its effectiveness
and impact factors. Extensive empirical studies
show that FEDAGENT can have comparable per-
formance to centralized agent training and exhibit
strong robustness against heterogeneities, which
shows the feasibility of training AI agents while
protecting data privacy and opens a new direction
for agent learning. The code is available here.

1. Introduction
The rapid advancement of AI agents, especially those pow-
ered by Large Language Models (LLMs), has demonstrated
remarkable capabilities across diverse domains, from web
navigation to embodied environments (Zhang et al., 2026a;
Gao et al., 2025; Liu et al., 2025a). However, training these
agents typically requires centralized access to vast amounts
of users’ real-world task query and trajectory data, which are
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inherently privacy-sensitive and hard to acquire due to regu-
latory compliance. Thus, a foundational question is: Can
we train AI agents while protecting users’ data privacy?

In this paper, we explore a new decentralized training
paradigm, namely FEDAGENT (Federated Agent Rein-
forcement Learning), which enables collaborative learning
of AI agents, particularly LLMs, across distributed clients
without sharing local data. In each round, the server dis-
tributes the current model to selected clients, who then
train locally on their own data and send back their up-
dated models. The server aggregates these updates by av-
eraging them to create an improved global model for the
next round. This process repeats iteratively, facilitating dis-
tributed LLM agent training while preserving data privacy
since only model parameters, not raw data, are exchanged.

Compared with the previous federated learning literature,
FEDAGENT is faced with fundamentally new challenges.
The majority of existing federated learning research has con-
centrated on supervised classification tasks. There are also
recent works that have explored federated reinforcement
learning (FRL) for traditional RL settings (Qi et al., 2021;
Kairouz et al., 2021; Liu et al., 2024a). However, both of
them operate under distinct assumptions compared to LLM
agent learning. Supervised federated learning is usually
built on static data distributions and one-shot predictions,
while traditional FRL typically assumes simple rewards,
low-dimensional state and action spaces. In contrast, LLM
agent learning involves natural language state and action
spaces, diverse task formulations, and complex environment
interactions, which create entirely new challenges for feder-
ated paradigms. Thus, another essential research question
is: Is FedAgent really effective for training LLM agents?

To systematically investigate the effectiveness of this new
training paradigm as well as the impact factors, we built
the first decentralized agent learning environment FEDA-
GENTGYM, which incorporates four types of LLM agents
from different model families (Qwen and Llama) and with
different scales (1.5B, 3B, and 7B), two application domains
(WebShop and ALFWorld), three dimensions of variation in
decentralized settings (the number of samples per client, the
number of clients selected per communication round, and
the number of local training epochs per client per round).
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Figure 1: An Illustration of FEDAGENT and FEDAGENTGYM.

Importantly, since the existing heterogeneity challenges in
federated learning have mostly been defined in the con-
text of supervised classification tasks (Gao et al., 2022; Ye
et al., 2024a), which focus on label skew, feature shift, or
quantity imbalance, they are not directly applicable to LLM
agent learning. Thus, we propose three new and orthog-
onal agent-specific heterogeneity definitions: Preference
Heterogeneity, where clients may prefer distinct types of
tasks; Coverage Heterogeneity, where the task sampling
scope may vary across clients; Hardness Heterogeneity,
where the overall difficulty of tasks may differ among clients.
Moreover, we carefully design three novel client partition-
ing strategies PREFERENCEPARTITION, COVERAGEPARTI-
TION, and HARDNESSPARTITION accordingly, grounded in
mathematical techniques such as Gaussian Noise, Multino-
mial Sampling and Beta Distribution. These strategies allow
us to precisely control the extent of one type of heterogeneity
across clients with a single hyperparameter, while keeping
the other characteristics of the client distribution unchanged.
We then incorporate them into FEDAGENTGYM to isolate
and analyze the impact of each form of heterogeneity on
FEDAGENT separately and controllably.

To investigate the effectiveness of FEDAGENT, we conduct
an extensive and systematic study with FEDAGENTGYM.
By training multiple LLM agents in the two application do-
mains, we demonstrate that FEDAGENT consistently outper-
forms local agent training and can match the performance
of centralized agent training, despite never sharing local
data. By training LLM agents under different decentralized
configurations, we discover the sensitivity patterns of FEDA-
GENT. Through our designed client partition strategies, we
show FEDAGENT exhibits strong robustness to the afore-
mentioned preference, coverage, and hardness heterogeneity
challenges. Overall, our studies show the potential of scal-
able agent learning without sacrificing data privacy, provide
valuable insights that inform practical deployment, and open

new research directions in the field of agent learning.

Our contributions can be summarized as follows:

• We made the first attempt to formulate and explore a
new decentralized paradigm of training AI agents, namely
FEDAGENT (Federated Agent Reinforcement Learn-
ing), which enables collaborative agent learning across
distributed clients without sharing local data.

• We constructed the first decentralized agent learning envi-
ronment FEDAGENTGYM, which includes four types of
LLM agents, two applications (WebShop and ALFWorld),
three variations of decentralized settings, and three hetero-
geneity challenges, to analyze the performance of FEDA-
GENT systematically and controllably, and offer insights
to guide future development.

• We propose to categorize the new client heterogeneity
challenges in decentralized agent learning into Preference
Heterogeneity, Coverage Heterogeneity, and Hardness
Heterogeneity. To investigate how each type of hetero-
geneity affects the performance, we introduce three novel
client partitioning methods: PREFERENCEPARTITION,
COVERAGEPARTITION, and HARDNESSPARTITION.

• Through extensive studies on FEDAGENTGYM, we pro-
vide three key insights on the effectiveness of FEDAGENT:
(1) FEDAGENT not only outperforms single-client local
training but also achieves comparable performance to cen-
tralized agent learning. (2) FEDAGENT’s effectiveness
depends on decentralized configurations such as the num-
ber of clients selected per round and the number of epochs
per client per round. (3) FEDAGENT shows high robust-
ness against the agent-specific heterogeneity challenges.

• We release our code and environment as an extendable
open-source library to inspire more future works in this
new direction. The link to the repository is available here.
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2. FEDAGENT: Federated Agent
Reinforcement Learning

As shown in Algorithm 1, we consider a federated rein-
forcement learning setup for FEDAGENT. A population of
clients are indexed by k ∈ [K] = {0, . . . ,K − 1}. Train-
ing proceeds for communication rounds t = 0, . . . , T − 1.
At round t, the server samples a subset St ⊂ [K] of size
|St| = M uniformly without replacement, broadcasts the
current global policy parameters θt, and aggregates the par-
ticipating clients’ locally updated parameters.

LLM Agent Training. The agent is a parametric policy
πθ (an LLM) that, conditioned on a task description c and
an interaction history hu up to step u, produces an action
au ∼ πθ(· | hu, c). An action often contains both a sequence
of free-form tokens (i.e., the agent’s intermediate reasoning)
and environment-facing choice (e.g., tool API calling). Each
client k operates in a Markov Decision Process (MDP) envi-
ronmentMk = (Sk,Ak, Pk, rk, ρk, γ) with state space Sk,
action space Ak, transition kernel Pk, reward function rk,
initial-state distribution ρk, and discount γ ∈ (0, 1]. Client
k also has a distribution Dk over textual task descriptions
c ∈ Ck. Fix k and a task description c ∼ Dk. The agent
interacts withMk for horizon H , producing a trajectory:

χ = (c, s0, a0, r0, . . . , sH), s0 ∼ ρk(· | c)

au ∼ πθ(· | hu, c), su+1 ∼ Pk(· | su, au, c).

The discounted return of χ is R(χ) =
∑H−1

u=0 γuru. It is
worth noting that when the LLM agents generate H con-
secutive textual actions (a0, ..., a(H−1)) in a trajectory χ,
each action may span thousands of tokens, considering LLM
agents’ long reasoning capacity (DeepSeek-AI et al., 2025).
This makes token-level credit assignment across the trajec-
tory particularly challenging.

Local objective (client k). Client k aims to maximize the
expected episodic return of the policy on its own environ-
ments and tasks:

Jk(θ) = Ec∼Dk
Eχ∼(πθ,Mk,c)

[
R(χ)

]
. (1)

During round t, each participating client initializes a local
iterate at the broadcast model, θk,t,0 ← θt, and performs
τ steps of stochastic policy optimization. At local step
i ∈ {0, . . . , τ − 1}, the client collects a batch of trajectories
Bk,t,i = {χ(b)}Nk,t,i

b=1 by interacting withMk under πθk,t,i

and computes a policy-gradient estimate:

gk,t,i = ∇θĴk(θk,t,i;Bk,t,i)

=
1

Nk,t,i

Nk,t,i∑
b=1

H(χ(b))−1∑
u=0

∇θ log πθk,t,i

(
a(b)u | h(b)

u , c(b)
)
Â(b)

u .

(2)

Algorithm 1 FEDAGENT with Client and Server training

Require: Total clients K, rounds T , clients-per-round M ,
local steps τ , learning rate η

Ensure: Final LLM-based global policy parameters θfinal
1: Initialize global policy parameters θ0 (an LLM)
2: for t = 0 to T − 1 do
3: Server: sample client subset St ⊂ [K] with |St| =

M (uniform without replacement)
4: Server: broadcast θt to all k ∈ St

5: for each k ∈ St in parallel do
6: Set local iterate θk,t,0 ← θt
7: for i = 0 to τ − 1 do
8: Collect a mini batch of trajectories Bk,t,i

using policy πθk,t,i
in environmentMk

9: Estimate policy gradient for Jk(θk,t,i) on
client k:

gk,t,i ← ∇θĴk(θk,t,i;Bk,t,i) (e.g., GRPO)

10: Local update: θk,t,i+1 ← θk,t,i + η gk,t,i
11: end for
12: Client returns local model θk,t,τ ▷ equivalently

∆θk,t = θk,t,τ − θt
13: end for
14: Server: Aggregation via model averaging:

θt+1 ←
1

M

∑
k∈St

θk,t,τ

(equivalently θt+1=θt +
1
M

∑
k∈St

(θk,t,τ − θt))

15: end for
16: return θfinal ← θT

where Â
(b)
u is any valid return/advantage signal (e.g., a

GRPO-style estimator (Shao et al., 2024)). The local update
is θk,t,i+1 = θk,t,i + η gk,t,i, (i = 0, . . . , τ − 1) with step
size η > 0. After τ steps the client returns its local model
θk,t,τ (i.e., the update ∆θk,t = θk,t,τ − θt) to the server.

Global objective and aggregation. The federated goal is
to maximize a weighted average of client objectives:

Jglobal(θ) =

K−1∑
k=0

wk Jk(θ), wk ≥ 0,

K−1∑
k=0

wk = 1.

(3)
In the FEDAGENT, the server uses uniform model aver-
aging over the M participating clients each round (i.e.,
wk = 1

K conceptually, with partial participation real-
ized by St). Upon receiving the τ -step local models
{θk,t,τ}k∈St

, the server performs model averaging: θt+1 =
1
M

∑
k∈St

θk,t,τ = θt +
1
M

∑
k∈St

(
θk,t,τ − θt

)
. After T

rounds the server outputs θfinal = θT .
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3. FEDAGENTGYM: A Decentralized Agent
Learning Environment

3.1. LLM Agents and Application Datasets

FEDAGENTGYM is designed as an environment to inves-
tigate the impact factors of training AI agents, especially
LLM, in a decentralized way. It includes four types of
LLM agents, including Qwen2.5-{1.5,3,7}B-Instruct
and Llama-3.2-3B-Instruct, and two challenging appli-
cation datasets (WebShop (Yao et al., 2022) and ALF-
World (Shridhar et al., 2021)), which require complex rea-
soning process and multi-step environment interactions. We
adopt these two datasets to simulate the real-world scenarios
where data privacy concerns are paramount.

WebShop is a web-based interactive platform that evaluates
LLM agents within authentic e-commerce scenarios. Task
completion requires agents to navigate a simulated HTML
shopping interface to locate, browse, and purchase appropri-
ate items. The dataset features an extensive catalog of over
1.1 million products paired with 12, 000 user instructions,
creating a rich and varied action space.

ALFWorld provides an embodied simulation benchmark
that evaluates LLM agents’ capacity for sequential decision-
making tasks. Each scenario presents the agent with a tex-
tual objective that must be achieved through iterative envi-
ronment interaction. The dataset encompasses 3, 827 task
instances spanning six types of household activities: Pick
& Place (Pick), Examine in Light (Look), Clean & Place
(Clean), Heat & Place (Heat), Cool & Place (Cool), and
Pick Two & Place (Pick2).

3.2. Decentralized Settings
We comprehensively examine the impact of different decen-
tralized settings on FEDAGENT performance across three
critical dimensions. First, we vary the number of samples
per client, which determines the sampling scope for each
LLM agent’s exploration of the action space and response
generation, directly affecting both the diversity of experi-
ences collected and the quality of policy gradient estimates.
Second, we change the number of clients selected per
communication round, controlling both the computational
parallelism and the degree of heterogeneity in exploration
strategies incorporated during global model aggregation.
Third, we adjust the number of local training batches per
client per round, governing the extent of local optimization
on the sampled trajectories before synchronization with the
central server. These parameters collectively influence fun-
damental trade-offs between exploration diversity, commu-
nication overhead, and convergence stability in the federated
setting. Through extensive studies across these dimensions,
we characterize how different decentralized training settings
affect the final policy performance of FEDAGENT.

3.3. Heterogeneity Challenges
To systematically evaluate how FEDAGENT performs under
realistic client distributions, we propose three novel and
orthogonal heterogeneity definitions, as conventional het-
erogeneity dimensions in federated classification tasks (e.g.,
feature or label skew) (Gao et al., 2022; Ye et al., 2024a) are
not directly applicable. We also propose the corresponding
client partitioning strategies, allowing us to understand the
individual impact of different heterogeneity types.

Preference Heterogeneity: When Clients Have Differ-
ent Task Preferences. In real-world federated learning,
different clients often prefer distinct types of tasks. For
example, in the ALFWorld, some users might frequently
interact with kitchen-related tasks (like “put the apple in the
fridge”), while others primarily encounter bedroom tasks
(like “examine the lamp”). In WebShop, some may have
mostly electronics searches while others mainly focus on
clothing or home goods.

To simulate this preference heterogeneity, we propose the
PREFERENCEPARTITION algorithm. The pseudo code is
illustrated in Algorithm 2 in Appendix C.1. We model this
by starting with the global distribution of task categories
and introducing controlled noise to create client-specific
preferences. Specifically, we add Gaussian Noise to the
log-probabilities of the global category distribution, apply
softmax normalization, and use the resulting probabilities
to sample L instructions per client via Multinomial Sam-
pling. As shown in Appendix C.2.1, this approach allows
precise control over client distributions with a hyperparame-
ter ω on topical preference heterogeneity, while maintaining
the same total dataset size and per-client instruction count.
More specifically, small noise values produce clients with
similar task distributions, while larger noise creates highly
specialized clients with distinct preferences.

Coverage Heterogeneity: When Clients Have Different
Task Sampling Scopes. Even when clients encounter sim-
ilar types of tasks, they may face vastly different quantities.
A larger quantity of tasks indicates coverage of a broader
sampling scope per epoch in reinforcement learning (we
follow the setting in (Feng et al., 2025) to iteratively sample
with replacement from the local data each epoch), while the
sampling size remains fixed. Importantly, this differs from
the quantity imbalance in conventional supervised federated
classification tasks, where training proceeds over the entire
dataset each epoch. In WebShop, for instance, some users
might have extensive browsing histories with hundreds of
product interactions, while others have only completed a
few shopping sessions.

To model this heterogeneity, we develop the COVER-
AGEPARTITION algorithm. The pseudo code is shown in
Algorithm 3 in Appendix C.1. We fix a global overlap
target r (representing the average number of clients that
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Method ALFWorld WebShop

Pick Look Clean Heat Cool Pick2 All Score Succ.
Qwen2.5-1.5B-Instruct
Local (Client 21) 42.9 25.0 38.5 37.5 14.3 14.3 29.7 69.9 57.0
Local (Client 42) 50.0 37.5 76.9 25.0 42.9 14.3 45.3 75.1 53.1
Local (Client 84) 50.0 37.5 46.2 25.0 28.6 0.0 34.4 72.7 47.7
Centralized 64.3±4.8 37.5±0.9 69.2±6.1 50.0±2.2 42.9±3.8 28.6±0.4 51.6±3.0 79.9±4.7 57.8±5.7

FEDAGENT 80.0±4.2 75.0±1.7 53.8±4.3 37.5±1.3 83.3±4.7 50.0±1.0 64.1±2.8 83.2±4.5 61.7±1.8

Qwen2.5-3B-Instruct
Local (Client 21) 41.5 12.5 34.9 51.0 18.9 21.2 31.3 59.8 55.0
Local (Client 42) 46.5 37.5 24.4 15.0 33.7 33.3 28.2 61.3 59.3
Local (Client 84) 22.8 27.5 39.1 46.3 48.3 36.5 29.9 77.6 58.6
Centralized 94.1±0.9 80.0±2.5 64.3±1.4 42.9±2.6 50.0±2.7 22.2±5.2 62.5±4.2 86.0±1.5 63.9±2.8

FEDAGENT 95.5±4.3 62.5±3.0 49.7±1.7 47.5±2.4 85.3±3.6 45.1±2.1 65.2±3.9 85.5±3.4 63.1±3.1

Qwen2.5-7B-Instruct
Local (Client 21) 35.5 25.0 61.0 25.9 35.8 45.2 38.4 70.9 49.2
Local (Client 42) 29.0 45.0 18.8 25.6 15.9 38.0 42.1 85.2 33.6
Local (Client 84) 34.7 47.5 44.4 51.3 40.1 21.8 35.7 60.6 39.3
Centralized 93.7±4.5 82.5±2.1 71.5±3.3 47.9±3.7 63.2±3.8 31.9±1.0 73.3±4.0 78.8±2.8 64.7±1.6

FEDAGENT 94.5±2.3 85.0±4.1 56.0±0.8 62.5±1.2 86.7±2.9 42.8±3.4 75.5±2.9 89.0±4.1 68.9±3.8

Llama-3.2-3B-Instruct
Local (Client 21) 39.8 50.0 17.9 40.0 20.7 34.0 38.1 65.3 50.5
Local (Client 42) 18.2 55.0 41.9 34.3 41.0 25.0 35.0 67.0 51.0
Local (Client 84) 29.9 32.5 39.0 18.9 18.8 37.6 29.7 70.2 55.7
Centralized 72.4±4.6 62.5±4.5 59.3±3.1 45.2±0.5 53.7±2.2 27.9±3.0 54.9±2.9 76.3±3.7 56.2±1.6

FEDAGENT 83.7±1.7 57.5±6.0 60.6±3.4 55.9±0.9 65.3±2.8 24.9±3.1 61.2±3.3 74.4±4.9 57.8±3.2

Table 1: Performance Comparison on ALFWorld and WebShop. We report the averaged performance and the corre-
sponding standard deviation for Centralized Training and FEDAGENT over three random seeds. For ALFWorld, the Success
Rate (%) is reported for each subtask as well as for the overall dataset. For WebShop, both the Task Score (%) and the
Success Rate (%) are reported.

see each instruction) and draw each client’s data quantity
from a Beta Distribution, which we then map to the range
[Lmin, Lmax]. Task instructions are allocated to clients us-
ing weighted sampling without replacement to satisfy both
individual client quotas and the global overlap constraint.
As shown in Appendix C.2.2, this method isolates the effect
of task sampling scope on FEDAGENT performance while
keeping the underlying task distribution consistent across
clients. Also, this method controls the extent of coverage
heterogeneity via hyperparameter ξ without impacting the
overall mean of client quantities.

Hardness Heterogeneity: When Clients Face Different
Task Difficulties. A particularly important but often over-
looked source of heterogeneity is the overall difficulty of
tasks that different clients encounter, which can be quanti-
fied by the success rate of tasks. For example, in ALFWorld,
some clients might consistently face simple navigation tasks
with high success rates, while others encounter complex
multi-step reasoning tasks that frequently result in failure.

As demonstrated in Algorithm 4 in Appendix C.1, our pro-
posed HARDNESSPARTITION algorithm addresses this by
partitioning the task instruction pool into “successful” and

“unsuccessful” examples with a pretrained checkpoint. Then,
using our COVERAGEPARTITION method, we first distribute
successful instructions according to a Beta Distribution that
determines each client’s success rate. We then fill remain-
ing slots with unsuccessful examples sampled uniformly,
ensuring all clients have exactly L instructions. As shown
in Appendix C.2.3, this method enables us to study how
different success rate distributions, which are controlled by
a hyperparameter ξ′ and measures the extent of hardness of
task distributions for each client, affect FEDAGENT while
maintaining consistent dataset sizes and global overlap pat-
terns across all clients.

4. Is FedAgent Comparable to Centralized
Agent Learning?

Experiment Setup. In this section, we aim to investigate
the performance of FEDAGENT under a uniform client dis-
tribution, which is independent of the aforementioned three
types of client heterogeneities. We partitioned the whole
dataset (WebShop, ALFWorld) into 100 clients. Each client
has 100 task instructions and there is a potential overlap
between clients. 2 clients are randomly selected each round.
Each client is trained for 3 epochs per round, with a total of
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(a) WebShop (b) ALFWorld
Figure 2: Training Dynamics of FEDAGENT and Centralized Training. Circle marks with different colors indicate the
model performance after training on specific selected clients each round. The red line refers to the performance of the
aggregated models on server throughout the training process.

70 rounds and 210 epochs overall. For each epoch, 64 tasks
are sampled iteratively with replacement from local data.

As for FEDAGENT, we adopt GRPO (Shao et al., 2024)
for policy optimization. Then, following the literature in
federated learning (Liu et al., 2024a), we select two typical
baselines: Centralized Agent Training and Local Agent
Training. Centralized Agent Training uses the full dataset
(i.e., 64 tasks are sampled iteratively from the whole dataset
each epoch), while Local Agent Training uses only a specific
client’s dataset (we randomly selected one number 21 and
obtained three client indexes 21, 42, and 84 as the baselines).
Both of them run for the same total epochs as FEDAGENT
and also adopt GRPO for policy optimization.

Result Analysis. As shown in Table 1, 1 FEDA-
GENT consistently outperforms Local Agent Train-
ing and achieves comparable performance to Central-
ized Agent Training. For instance, on ALFWorld using
Qwen2.5-7B-Instruct, FEDAGENT achieves a 75.5% to-
tal success rate compared to local training variants that
range from 35.7% to 42.1%, while matching the central-
ized training performance of 73.3%. This pattern is con-
sistently observed across different model scales (1.5B, 3B,
7B), model architectures (qwen and llama), and randomly
selected client indexes (21, 42, and 84). Similarly, on the
WebShop benchmark, FEDAGENT maintains this advantage
with Llama-3.2-3B-Instruct achieving 57.8% success
rate versus local training with different indexes ranging
from 50.5% to 55.7%, while remaining competitive with
centralized training at 56.2%. These results demonstrate the
advantage of FEDAGENT in achieving competitive perfor-
mance while preserving users’ data privacy inherently.

Figure 2 shows the whole training dynamics of
FEDAGENT and Centralized Agent Training with
Qwen2.5-1.5B-Instruct on WebShop and ALFWorld
datasets. 2 Both paradigms ultimately converge to
similar success rates despite different training dynamics
(∼ 0.6 for WebShop, ∼ 0.5 for ALFWorld). In WebShop
(left), both approaches demonstrate steady monotonic

improvement, with centralized training initially outper-
forming FEDAGENT until approximately epoch 120, after
which both converge to similar success rates around 0.6. In
contrast, ALFWorld (right) exhibits relatively more volatile
training dynamics with frequent performance fluctuations
for both methods, ultimately converging to success rates
around 0.5. This further illustrates that FEDAGENT can
achieve comparable performance with centralized training.

� Insight 1 on the Effectiveness of FEDAGENT

FEDAGENT matches Centralized Agent Learning
and outperforms Local Agent Learning: FEDA-
GENT incurs minimal performance penalty and has
the benefits through diverse client contributions.

5. What is the impact of Different
Decentralized Settings?

Experiment Setup. In this section, we aim to study the
impact of different decentralized settings on FEDAGENT
in FEDAGENTGYM by systematically varying three key
hyperparameters across two different datasets (WebShop
and ALFWorld). We adopt Qwen2.5-1.5B-Instruct for
all configurations. The experimental setup examines: (1)
samples per client. We test 100, 500, and 1, 000 tasks per
client to understand how task sampling scope affects FEDA-
GENT learning dynamics; (2) clients selected per round.
We compare 1, 2, and 4 participating clients each round to
analyze the effect of federation scale on performance; and
(3) epochs per client per round. We evaluate 1, 3, and 5
local training epochs to determine the optimal number of
local computations before aggregation. Since we keep the
total number of epochs the same at 210 for all configura-
tions, 1, 3, and 5 local training epochs correspond to 210,
70, and 42 total rounds, respectively.

Result Analysis. The results in Figure 3 demonstrate that
3 FEDAGENT exhibits distinct sensitivity patterns to-

wards decentralized settings. First, it shows notable sensi-
tivity to the number of epochs per client per round. Moving
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(a) Samples per client, WebShop (b) Samples per client, ALFWorld

(c) Clients selected per round, WebShop (d) Clients selected per round, ALFWorld

(e) Epochs per client per round, WebShop (f) Epochs per client per round, ALFWorld

Figure 3: Training Dynamics of FEDAGENT in Different Decentralized Settings.

from 1 to 5 epochs per round leads to significant perfor-
mance gains, especially after around 100 training epochs,
highlighting that 4 shallow local updates may be insuffi-
cient to unlock the full potential of FEDAGENT. On ALF-
World, FEDAGENT is also sensitive to the number of clients
selected per round, with 2 clients per round outperform-
ing 1 or 4, suggesting that 5 too few or too many clients
could hinder convergence. By contrast, FEDAGENT ap-
pears insensitive to the number of samples per client, as
performance curves largely overlap across 100, 500, and
1, 000 samples per round, suggesting that 6 the task sam-
pling scope for one client beyond a certain threshold
may not be the limiting factor. Our studies offer valu-
able insights on the practical deployment of FEDAGENT
and also suggest that 7 the specific decentralized config-
uration is important for FEDAGENT and may need to
accommodate environments.

� Insight 2 on the Effectiveness of FEDAGENT

FEDAGENT’s effectiveness depends on specific de-
centralized configurations: FEDAGENT exhibits rel-
atively high sensitivity on clients selected per round
and epochs per client per round, showing the impor-
tance of optimizing decentralized configurations.

6. What is the impact of Different
Heterogeneity Challenges?

Experiment Setup. In this section, we aim to study the
impact of different heterogeneity challenges on FEDAGENT
in FEDAGENTGYM. As shown in Appendix C.2, we can
leverage our proposed client partitioning strategies PREF-
ERENCEPARTITION, COVERAGEPARTITION, and HARD-
NESSPARTITION to precisely control the extent of one form
of heterogeneity (Preference, Coverage, or Hardness Het-
erogeneity) across clients with a hyperparameter ω, ξ, or
ξ′, respectively, without affecting the others. We keep the
number of total epochs as 210 and the number of all clients
as 100, which are consistent with the main experiments. We
adopt Qwen2.5-1.5B-Instruct in the experiments.

Result Analysis. As shown in Figure 4, 8 FEDAGENT
shows high robustness against the three heterogeneity
challenges. Across all scenarios, preference heterogene-
ity (panels a,b), coverage heterogeneity (panels c,d), and
hardness heterogeneity (panels e,f), even when comparing
relatively uniform settings (blue lines in Figure 4, ω = 0.1,
ξ = 256, ξ′ = 256) against extremely high heterogeneity
settings (green lines in Figure 4, ω = 0.9, ξ = 1, ξ′ = 1),
FEDAGENT consistently achieves strong success rates that
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(c) Coverage Heterogeneity, WebShop (d) Coverage Heterogeneity, ALFWorld

(e) Hardness Heterogeneity, WebShop (f) Hardness Heterogeneity, ALFWorld

(b) Preference Heterogeneity, ALFWorld(a) Preference Heterogeneity, WebShop

Figure 4: Training Dynamics of FEDAGENT in Different Heterogeneity Challenges.

steadily improve throughout training, The learning curves
show that FEDAGENT maintains stable convergence behav-
ior in both WebShop and ALFWorld environments regard-
less of heterogeneity intensity, with success rates generally
reaching 0.5-0.6 by the end of training. Crucially, the per-
formance degradation is minimal even under extreme het-
erogeneity conditions, indicating that 9 FEDAGENT has
great potential to handle real-world scenarios across the
full spectrum of heterogeneity challenges.

� Insight 3 on the Effectiveness of FEDAGENT

FEDAGENT shows high robustness against agent-
specific heterogeneities: Under extreme conditions
of Preference, Coverage, or Hardness Heterogene-
ity, FEDAGENT maintains stable convergence and
achieves consistent final performance.

7. Related Work
RL has been instrumental in empowering LLM agents to
function effectively in dynamic and open-ended environ-
ments. Initial studies leveraged traditional RL approaches
like DQN (Mnih et al., 2015) for training LLM agents in
text-based gaming environments (Narasimhan et al., 2015).

Subsequent research began incorporating value-based tech-
niques across broader agent applications such as Android
device manipulation (Rawles et al., 2023) and embodied en-
vironments like ALFWorld (Shridhar et al., 2021). Contem-
porary methods have expanded RL training to encompass so-
phisticated web-based and application-specific tasks (Zhou
et al., 2024c; Putta et al., 2024). In previous works, real-
world task queries and trajectories have been essential for
training AI agents in practical applications. However, they
are becoming increasingly difficult to acquire due to pri-
vacy concerns. Our work makes an initial effort to explore
training AI agents without compromising user data privacy.

8. Conclusion
In this work, we explored FEDAGENT (Federated Agent
Reinforcement Learning), a new collaborative paradigm to
train AI agent, particularly LLMs, across distributed clients,
and built FEDAGENTGYM, the first decentralized agent
learning environment. Extensive empirical studies demon-
strate that FEDAGENT can achieve performance on par with
centralized training and maintain strong robustness to het-
erogeneities. Our work validates the feasibility of training
AI agents while protecting user data privacy and charts new
research directions in agent learning.
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Impact Statement
This work explores federated agent reinforcement learn-
ing, a paradigm designed to train AI agents collaboratively
while preserving user privacy. Our work addresses a critical
barrier to AI agent deployment: the tension between data-
hungry training requirements and user privacy expectations.
By enabling effective agent learning without centralized
data collection, FEDAGENT could democratize access to
high-quality AI agents for individuals and organizations that
cannot share sensitive interaction data due to regulatory con-
straints (e.g., GDPR, HIPAA) or competitive concerns. This
is particularly relevant for domains such as personal assis-
tants, healthcare navigation, and financial planning, where
user interactions contain sensitive information. Furthermore,
federated learning inherently distributes computational costs
across participants, potentially reducing the environmental
footprint compared to centralized training on GPU clusters.
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A. Reproducibility Statement
We performed all experiments on NVIDIA H100 GPUs, using the HuggingFace Transformers framework (https://
huggingface.co/docs/transformers/en/index) as the basis for our implementation. To support further verification,
replication and development, we release all the dataset, code and experimental outputs at the repository: https://
anonymous.4open.science/r/federated_agent_submission-4652/README.md.
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B. Extended Related Work
B.1. Supervised Federated Learning

Federated learning (FL) was introduced by McMahan et al. (2017) with the Federated Averaging (FEDAVG) algorithm,
which enables multiple clients to collaboratively train a shared model by communicating only model updates rather than
raw data. In the canonical FL protocol, a central server coordinates N clients over T communication rounds: in each
round, the server broadcasts the current global model wt to a subset of selected clients; each selected client k performs E
epochs of stochastic gradient descent on its local dataset Dk to obtain an updated model wt+1

k ; and the server aggregates
these local models via a weighted average wt+1 =

∑
k pkw

t+1
k , where pk = |Dk|/

∑
j |Dj |. This simple yet effective

paradigm preserves data privacy by never transmitting raw data, and has since motivated a vast body of research addressing
its key challenges: statistical heterogeneity arising from non-IID client data distributions, systems heterogeneity due to
varying client computation and communication capabilities, and privacy concerns requiring formal guarantees beyond the
implicit protection of keeping data local (Kairouz et al., 2021; Li et al., 2020a). The majority of FL research has focused on
supervised classification tasks, establishing both theoretical foundations and practical algorithms.

Data Heterogeneity. A central challenge in supervised FL is data heterogeneity, where clients possess non-identically
distributed (non-IID) data. This heterogeneity has been characterized along several axes, including label distribution
skew (Hsu et al., 2019), feature distribution shift (Li et al., 2021c), and quantity imbalance (Gao et al., 2022; Ye et al., 2024a).
Convergence analyses under non-IID data have been developed for FedAvg (Li et al., 2020c; Stich, 2019; Woodworth et al.,
2020), establishing how heterogeneity slows convergence and motivating algorithm improvements. To address client drift,
various methods have been proposed: FEDPROX (Li et al., 2020b) adds a proximal regularization term to the local objective;
SCAFFOLD (Karimireddy et al., 2020) corrects for client drift using control variates; FEDNOVA (Wang et al., 2020b)
normalizes local updates to handle heterogeneous local computation; FEDDYN (Acar et al., 2021) augments each device’s
objective with dynamic linear and quadratic penalty terms; and MOON (Li et al., 2021a) uses model-contrastive learning to
align local and global representations.

Server-Side Optimization and Aggregation. Beyond local corrections, server-side optimization has also received
attention. Chen et al. (2022) proposed FEDOPT, a general framework applying adaptive server-side optimizers (FedAdam,
FedAdagrad, FedYogi) to federated learning. FEDMA (Wang et al., 2020a) aligns neural network layers via matched
averaging, while knowledge distillation-based approaches such as FEDDF (Lin et al., 2020) aggregate client models via
ensemble distillation on the server. FEDMD (Li & Wang, 2019) enables FL with heterogeneous model architectures by
distilling averaged logits on a shared public dataset.

Personalization. Personalized federated learning methods further address heterogeneity by learning client-specific models
while still benefiting from collaborative training. Per-FedAvg (Fallah et al., 2020) formulates personalized FL as a MAML-
style meta-learning problem; pFedMe (Dinh et al., 2020) decouples personalized model optimization from global model
learning using Moreau envelopes; FedRep (Collins et al., 2021) and FedBABU (Oh et al., 2022) learn a shared representation
(body) while maintaining client-specific heads; and Ditto (Li et al., 2021b) balances global and local objectives for fair
and robust personalization. Other approaches include FedPer (Arivazhagan et al., 2019) with personalization layers and
APFL (Deng et al., 2020) with adaptive mixture weights. More recently, Hot-Pluggable FL (Shen et al., 2025a) proposes
a plug-in module framework that bridges general and personalized FL via dynamic module selection from a shared
modular store, and FOL (Huang & Shu, 2025) introduces a practical one-shot personalized FL framework achieving strong
personalization with only a single round of model exchange. Clustered FL has also advanced with HCFL (Guo et al., 2025b),
which proposes a four-tier framework that systematically integrates and extends clustering strategies. MultiFCL (Yi et al.,
2025) addresses federated continual learning by orchestrating multi-scale expertise with lightweight frozen adapters to
prevent catastrophic forgetting across sequential tasks.

Communication Efficiency and Privacy. Reducing communication overhead has also been extensively studied. Gradient
compression (Konečný et al., 2016; Lin et al., 2018), quantization (Alistarh et al., 2017), and sketching (Rothchild
et al., 2020) can reduce communication cost by orders of magnitude. Privacy-preserving techniques such as differential
privacy (McMahan et al., 2018; Geyer et al., 2017) have been integrated into FL to provide formal privacy guarantees.

Positioning of FEDAGENT. Despite this extensive body of work, all supervised FL methods are designed for static,
one-shot prediction tasks with well-defined input–label pairs. In contrast, FEDAGENT operates in sequential decision-making
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settings where agents interact with environments over multiple steps, producing natural language actions and receiving sparse
rewards. The heterogeneity challenges we define, Preference, Coverage, and Hardness Heterogeneity, are fundamentally
distinct from label/feature/quantity skew and require new partition strategies for systematic study.

B.2. Federated Reinforcement Learning

Federated reinforcement learning (FRL) extends federated learning to sequential decision-making problems, where multiple
agents learn a shared policy by training in their own environments without sharing raw trajectories (Qi et al., 2021). In contrast
to supervised FL, which operates on static datasets with well-defined input–label pairs, FRL must contend with the unique
challenges of RL: agents interact with potentially different Markov Decision Processes (MDPs)Mk = (Sk,Ak, Pk, Rk, γ),
generating non-stationary trajectory data that depends on the evolving policy. This introduces several distinctive difficulties
beyond standard FL, including (i) non-stationarity of the data distribution as the policy changes during training, (ii)
environment heterogeneity where clients may have different transition dynamics Pk or reward functions Rk, (iii) the need
for exploration-exploitation tradeoffs that must be coordinated across agents, and (iv) credit assignment over temporally
extended trajectories. These challenges have motivated a growing body of theoretical and algorithmic work (Liu et al.,
2025a; Gao et al., 2025).

Foundations and Theory. Early work by Yu et al. (2022) proposed sharing experiences through an encrypted channel for
collaborative multi-task RL. Jin et al. (2022) studied federated RL in linear MDPs, providing sample complexity analysis.
Khodadadian et al. (2022) analyzed the convergence of federated temporal-difference learning with linear speedup under
Markovian sampling. Woo et al. (2023) further studied the sample complexity of heterogeneous FRL and showed that
heterogeneity can in fact help exploration. More recently, Zheng et al. (2024) proposed FedQ-Hoeffding and FedQ-Bernstein
algorithms for tabular episodic MDPs that achieve linear regret speedup with logarithmic communication cost, and Zheng
et al. (2025) further achieved almost minimax-optimal regret via reference-advantage decomposition. Labbi et al. (2025)
extended UCBVI to the federated setting with communication-efficient regret minimization.

Federated Policy Gradient Methods. Several works have developed federated policy optimization algorithms. Yang
et al. (2024) developed federated natural policy gradient (NPG) and natural actor-critic (NAC) methods with the first global
convergence guarantees for federated multi-task RL. Lan et al. (2025) proposed AFedPG, an asynchronous FRL framework
that achieves linear speedup under heterogeneous computing. Zhu & Gong (2025) introduced a single-loop federated
actor-critic method that jointly considers both federated policy evaluation and improvement. Fan et al. (2021) proposed the
first Byzantine fault-tolerant FRL framework, proving linear speedup even when less than half of agents are adversarial.

Heterogeneous Environments. Handling environment heterogeneity across clients is a key challenge. Wang et al. (2024a)
proposed momentum-based federated policy gradient methods that converge to a stationary point regardless of the magnitude
of environment heterogeneity. Xiong et al. (2025b) introduced personalized FRL with shared representations, proving the
first linear speedup result in the personalized FRL setting. Liu et al. (2019) explored lifelong federated RL for cloud robotic
systems, where heterogeneous robots share knowledge to accelerate learning.

Applications. FRL has been applied to diverse domains including autonomous driving (Liang et al., 2019), network
resource management (Wang et al., 2020c), recommendation systems (Li et al., 2024), and federated offline RL for
healthcare (Wen et al., 2024). Hwang & Hong (2025) proposed FedRQ for tabular FRL with proven asymptotic convergence
under environment heterogeneity, extended to continuous state spaces via expectile loss. Recent work has also explored
offline federated deep RL (Chen et al., 2025e), which aggregates multiple client-side offline RL models by considering
both Q-values and policy inconsistency when assigning client aggregation weights. A comprehensive survey by Cheruiyot
et al. (2025) provides a unified perspective on the connections between federated RL, cooperative decentralized RL, and
noncooperative multi-agent RL paradigms.

Positioning of FEDAGENT. Despite this growing body of work, existing FRL methods are designed for environments with
low-dimensional, discrete or continuous state-action spaces and dense reward signals. In contrast, FEDAGENT addresses
LLM agent training, where (i) actions are long sequences of natural language tokens, making the action space exponentially
large; (ii) rewards are typically sparse and episode-level; and (iii) credit assignment must operate at the token level across
multi-step reasoning traces. These fundamental differences make prior FRL approaches not directly applicable to the agent
learning setting that FEDAGENT addresses.
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B.3. Federated Learning for LLMs

The intersection of federated learning and large language models (LLMs) has recently attracted growing attention (Zhang
et al., 2024a; Kuang et al., 2024; Ye et al., 2024b). As LLMs become increasingly central to real-world applications, the
need to fine-tune them on distributed private data, such as enterprise documents, clinical records, and user interaction
logs, makes federated learning a natural paradigm. However, applying FL to LLMs introduces unique challenges beyond
classical FL settings: (i) the massive parameter count of modern LLMs (7B–70B+ parameters) makes communicating
full model updates infeasible, necessitating parameter-efficient methods; (ii) heterogeneous client capabilities mean that
some clients can only fine-tune small adapters while others may handle larger updates; (iii) LLM training objectives span
supervised instruction tuning, preference optimization, and reinforcement learning from human feedback (RLHF), each
requiring different federated protocols; and (iv) privacy requirements are often stricter for LLMs due to the sensitivity of
natural language data and the risk of memorization. These challenges have spurred rapid development of federated LLM
training methods across multiple research communities (Wei et al., 2025b).

Federated Instruction Tuning. A natural first step is to apply FL to supervised instruction tuning. Zhang et al. (2024a)
proposed FedIT for federated instruction tuning with LoRA adapters on heterogeneous instruction datasets. Ye et al.
(2024b) introduced OpenFedLLM, a training pipeline supporting federated SFT and instruction tuning across diverse
datasets. A key challenge in federated instruction tuning is data quality and selection: FedHDS (Qin et al., 2025) selects
representative subsets at both intra- and inter-client levels without sharing raw data, achieving 10.72% improvement in
Rouge-L on unseen tasks while using less than 1.5% of the data; FedDQC (Du et al., 2025) introduces an instruction-response
alignment metric for efficient client-side quality evaluation and designs a quality-aware hierarchical training framework
that progressively fine-tunes from high- to low-quality data. To address data scarcity, FewFedPIT (Zhang et al., 2024c)
uses LLMs’ in-context learning capability to self-generate synthetic data, combined with parameter-isolated training that
separates public parameters from private ones to thwart data extraction attacks. On the communication efficiency front
beyond LoRA-based methods, FedKSeed (Qin et al., 2024) employs zeroth-order optimization with a finite set of random
seeds, reducing communication to under 18 kilobytes per round while enabling full-parameter tuning of billion-sized LLMs;
FedMeZO (Ling et al., 2024) provides the first convergence analysis of memory-efficient zeroth-order optimization in
federated LLM tuning, demonstrating faster convergence than first-order FedAvg with remarkably reduced GPU memory
requirements. FedAMoLE (Zhang et al., 2024b) proposes a personalized FL framework featuring a heterogeneous mixture of
LoRA experts module with a reverse selection-based expert assignment strategy that allows domain experts to select aligned
clients. Pilot (Xiong et al., 2025a) extends federated instruction tuning to the multimodal setting, building a comprehensive
framework for federated vision-language model fine-tuning that handles heterogeneous multimodal data across clients.

Parameter-Efficient Federated Fine-Tuning. Since communicating full LLM parameters is prohibitively expensive,
parameter-efficient methods have become central. Sun et al. (2024) proposed FFA-LoRA, which freezes the randomly
initialized matrix A and only fine-tunes the zero-initialized matrix B, halving communication and computation costs while
working well under differential privacy. Wang et al. (2024c) introduced FLoRA, a stacking-based aggregation method
that achieves noise-free aggregation and supports heterogeneous LoRA ranks. Bai et al. (2024b) proposed FlexLoRA,
which dynamically adjusts local LoRA ranks to harness diverse client resources via SVD-based weight redistribution. Guo
et al. (2025a) proposed FedSA-LoRA, which shares only the A matrices for server aggregation while keeping B matrices
local, and Yan et al. (2025) introduced FRLoRA, performing global updates in a higher-rank parameter space via residual
low-rank adaptation. Cho et al. (2024) proposed HetLoRA, allowing heterogeneous LoRA ranks across clients matching
individual system resources. Hyeon-Woo et al. (2022) re-parameterizes weight layers using low-rank weights followed by
the Hadamard product, achieving 3–10× lower communication cost. More recently, FedEx-LoRA (Singhal et al., 2025)
achieves exact LoRA aggregation by adding a residual error term to frozen weights, eliminating the inexactness of traditional
federated averaging of LoRA adapters. FedALT (Bian et al., 2025) departs from FedAvg by maintaining individual LoRA
adapters alongside a shared Rest-of-World LoRA component with an adaptive MoE-style mixer. FedLEASE (Wang et al.,
2025b) adaptively clusters clients based on representation similarity to allocate domain-specific LoRA experts with a top-M
MoE mechanism. pFedGPT (Shen et al., 2025b) hierarchically optimizes LoRA aggregation weights for personalized
federated GPT models. EcoLoRA (Liu et al., 2025b) uses round-robin segment sharing where each client uploads only
a complementary LoRA segment per round, reducing communication time by up to 79%. FedICU (Liao et al., 2025)
introduces importance-aware splitting and updating to dynamically balance LoRA components based on their contribution to
global model performance, preventing catastrophic forgetting and domain overfitting. A comprehensive survey on federated
LoRA methods was provided by Yang et al. (2025).
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Federated Preference Optimization and Alignment. For alignment, FedRLHF (Fan et al., 2025) introduced a federated
framework for privacy-preserving RLHF, demonstrating convergence guarantees and personalization capabilities across
clients; however, it focuses on single-turn preference alignment on small-scale tasks (e.g., movie recommendations) rather
than multi-step agent training. Wu et al. (2025) proposed FedBiscuit, which encodes each client’s preferences into binary
selectors and aggregates them to capture common preferences, establishing the first federated RLHF benchmark with
heterogeneous human preference data. Spadea & Seneviratne (2025) evaluated Kahneman-Tversky Optimization (KTO)
against DPO in federated settings, finding KTO more robust to data heterogeneity. Srewa et al. (2025) proposed PluralLLM,
using federated learning for pluralistic LLM alignment that preserves group fairness.

Federated LLM Pre-Training and Knowledge Distillation. Sani et al. (2025) presented Photon, the first complete
system for federated end-to-end LLM pre-training from scratch, training models up to 7B parameters. Wu et al. (2024a)
proposed FedBiOT, where the server generates a compressed LLM via knowledge distillation and distributes it to clients
who fine-tune only a lightweight adapter. A comprehensive survey by Wei et al. (2025b) organizes federated learning for
reasoning LLMs by training signal types, covering federated pre-training, instruction tuning, prompt learning, adapter
learning, and value alignment.

Federated Agent Systems. Very recently, a few works have begun to explore the intersection of federated learning and
LLM agents. Fed-SE (Chen et al., 2025c) proposes a federated self-evolution framework where agents perform parameter-
efficient fine-tuning on filtered high-return trajectories locally and aggregate globally, improving average task success rates
by ∼18% over FedAvg across five heterogeneous environments. FICAL (Wu et al., 2024b) takes a different approach by
transmitting knowledge compendiums rather than model parameters via in-context learning, combined with RAG-based tool
learning. EPEAgent (Shi et al., 2025) introduces embedded privacy-enhancing agents that integrate into the RAG phase of
federated multi-agent systems, minimizing data flows by ensuring only task-relevant, agent-specific information is shared.

Positioning of FEDAGENT. Despite this extensive progress, the existing works on federated LLM training remain largely
limited to supervised fine-tuning, single-turn RLHF, or preference optimization. While a few concurrent works (Chen et al.,
2025c; Wu et al., 2024b; Shi et al., 2025) have begun exploring federated agent learning, they either focus on fine-tuning via
filtered trajectories without systematic RL training, rely on in-context learning rather than policy gradient optimization,
or address privacy in retrieval rather than training. None of them provide a comprehensive benchmark with systematic
heterogeneity definitions tailored to agent learning. FEDAGENT fills this gap by formulating a complete federated agent RL
framework with a systematic benchmark (FEDAGENTGYM) featuring three novel heterogeneity challenges (Preference,
Coverage, and Hardness Heterogeneity) that are unique to the agent learning setting.

B.4. LLM Agent Reinforcement Learning

LLM-based agents have demonstrated impressive capabilities in complex, interactive tasks that require multi-step reasoning,
tool use, and environment interaction (Xi et al., 2024). Unlike standard LLM applications that generate single-turn responses,
LLM agents operate in a closed-loop fashion: they observe an environment state, generate an action (typically a natural
language command or API call), receive feedback from the environment, and iterate over multiple turns until a task
is completed or a horizon limit is reached. This agentic paradigm has been applied to diverse domains including web
navigation (Zhou et al., 2024b; Qi et al., 2025), software engineering (Jimenez et al., 2024; Wei et al., 2025c), embodied
household tasks (Shridhar et al., 2021), mobile device control (Rawles et al., 2023; Bai et al., 2024a), and scientific research.
Training LLM agents presents unique challenges compared to standard LLM fine-tuning: (i) the action space is exponentially
large, as each action is a variable-length sequence of natural language tokens; (ii) rewards are typically sparse and delayed,
provided only at the end of multi-step episodes; (iii) credit assignment must operate across both the token level within a
single action and the turn level across the full interaction trajectory; and (iv) the agent must learn to balance exploration
of new strategies with exploitation of known successful patterns. Two main paradigms have emerged for agent training:
supervised fine-tuning on expert demonstrations and reinforcement learning from environment interaction.

Agent Frameworks. Prompting-based methods such as ReAct (Yao et al., 2023b), Reflexion (Shinn et al., 2023), Chain-
of-Thought (Wei et al., 2022), and Tree of Thoughts (Yao et al., 2023a) improve agent reasoning without parameter updates,
but their performance is bounded by the underlying model’s capabilities. Schick et al. (2023) demonstrated that LLMs can
learn to use external tool APIs in a self-supervised manner. Zhou et al. (2024a) unified reasoning, acting, and planning via
Monte Carlo Tree Search with LM-powered value functions. Multi-agent systems such as AutoGen (Wu et al., 2023) enable
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complex workflows through conversable agents.

Agent Training via Supervised Fine-Tuning. SFT methods leverage expert demonstrations or successful trajectories to
train agents via imitation learning (Zeng et al., 2024; Chen et al., 2023). Song et al. (2024) proposed ETO, which learns
from contrastive pairs of successful expert and failed agent trajectories using DPO. Zhang et al. (2025b) proposes “early
experience” as a middle ground between expert demonstrations and full RL, using interaction data generated by the agent’s
own actions where resulting future states serve as supervision without reward signals. However, SFT-based methods are
fundamentally limited by the quality and coverage of demonstrations and cannot improve beyond the expert’s behavior.

RL Policy Optimization for LLM Agents. RL offers a principled framework for agents to improve through trial-and-error
interaction with environments. Traditional RL methods such as PPO (Schulman et al., 2017) have been adapted for LLM
agent training, but they face challenges with the vast token-level action space and sparse rewards in multi-step tasks. The
success of DeepSeek-R1 (DeepSeek-AI et al., 2025) has demonstrated the power of RL in incentivizing complex reasoning
in LLMs, spurring rapid follow-up work. GRPO (Shao et al., 2024) eliminates the need for a separate critic model by
using group-relative advantages, and has become one of the most widely adopted algorithms for agent RL. DAPO (Yu
et al., 2025a) introduces clip-higher and dynamic sampling techniques that achieve strong reasoning at scale. GiGPO (Feng
et al., 2025) further improves upon GRPO with group-in-group advantage estimation for finer-grained credit assignment.
RLOO (Ahmadian et al., 2024) proposes a parameter-free REINFORCE Leave-One-Out baseline that outperforms PPO
while using substantially less GPU memory. Zhou et al. (2024c) proposed ArCHer, a hierarchical multi-turn RL framework,
and Putta et al. (2024) introduced Agent Q with advanced reasoning for autonomous agents. Wang et al. (2025c) introduced
StarPO, a general trajectory-level agent RL framework, identifying the “Echo Trap” failure mode. Agent-R1 (Cheng et al.,
2025) extends single-turn RL to multi-turn agent settings by formalizing the LLM agent MDP.

Reward Design and Credit Assignment. The design of reward signals and credit assignment strategies is crucial for
effective agent RL, given the sparse and delayed nature of episode-level feedback. Process reward models (Lightman et al.,
2024; Wang et al., 2024b) provide step-level supervision that significantly outperforms outcome-only rewards. iStar (Liu
et al., 2025d) proposes implicit step rewards that jointly optimize an implicit process reward model with the policy model
via multi-turn DPO, achieving state-of-the-art on WebShop and SOTOPIA. Agentic Reward Modeling (Peng et al., 2025)
combines human preference rewards with verifiable correctness signals from factuality and instruction following. For
multi-turn credit assignment, Wei et al. (2025a) provides the first systematic study of turn-level reward design, extending
GRPO and PPO to multi-turn variants. Wang & Ammanabrolu (2025) offers a practitioner’s guide that systematically
analyzes the design space across environment, reward, and policy dimensions. SWEET-RL (Zhou et al., 2025) uses a critic
model with access to training-time information to provide step-level rewards for collaborative reasoning tasks. HiPER (Peng
et al., 2026a) introduces hierarchical RL that separates high-level planning from low-level execution, achieving 97.4% on
ALFWorld and 83.3% on WebShop.

World Models and Experience Efficiency. A key bottleneck of model-free agent RL is the reliance on expensive
real-environment rollouts. An emerging line of work addresses this by integrating world models into the agent RL
loop or improving experience efficiency. SPA (Chen et al., 2025b) cold-starts the policy via a self-play SFT stage to
internalize a world model, then uses it to simulate future states prior to policy optimization. Dyna-Think (Yu et al., 2025b)
integrates planning with an internal world model into the reasoning-acting loop, using Dyna-GRPO for online RL and
achieving comparable best-of-n performance to R1-style reasoning with 2× fewer tokens. DynaWeb (Ding et al., 2026)
applies the Dyna architecture to web agents, training a dedicated world model to generate multi-step imagined trajectories.
WebWorld (Xiao et al., 2026) trains the first open-web simulator at scale (up to 32B parameters on 1M+ real-world
trajectories), supporting 30+ step long-horizon simulations; a 14B agent trained on WebWorld-synthesized trajectories
improves by 9.2% on WebArena, matching GPT-4o. Agent World Model (Wang et al., 2026) proposes a fully synthetic
environment generation pipeline scaling to 1,000 code-driven environments, demonstrating that training exclusively in
synthetic environments yields strong out-of-distribution generalization. RWML (Yu et al., 2026) proposes self-supervised
action-conditioned world model learning using sim-to-real gap rewards, outperforming direct RL on ALFWorld and τ -Bench.
On the experience efficiency side, DreamGym (Chen et al., 2025d) introduces the first unified framework for synthesizing
diverse agent experiences at scale, distilling environment dynamics into a reasoning-based experience model, outperforming
all baselines by over 30% on non-RL-ready tasks. ERL (Shi et al., 2026) augments trial-and-error RL with an explicit
experience-reflection-consolidation loop, achieving gains of up to 81% in complex multi-step environments. SkillRL (Peng
et al., 2026b) bridges raw experience and policy improvement through automatic skill discovery and a hierarchical skill
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library that co-evolves with the policy during RL.

Agent RL for Web, Code, and Reasoning. Agent RL has been successfully applied across diverse interactive domains. For
web agents, WebRL (Qi et al., 2025) introduces a self-evolving online curriculum RL framework with an outcome-supervised
reward model, improving Llama-3.1-8B from 4.8% to 42.4% success rate on WebArena-Lite. WebAgent-R1 (Wei et al.,
2025e) demonstrates that simple end-to-end multi-turn RL with binary success rewards can boost web agent performance
from 8.5% to 44.8%. For device-control agents, DigiRL (Bai et al., 2024a) proposes a two-stage offline-to-online RL
approach. For software engineering, SWE-RL (Wei et al., 2025c) scales RL-based LLM reasoning for real-world software
tasks, and Self-Play SWE-RL (Wei et al., 2025d) further extends it with a self-play paradigm for autonomous bug injection
and repair without human labels. SWE-Gym (Pan et al., 2025) provides the first training environment for real-world software
engineering agents with 2,438 executable task instances. DeepSWE (Luo et al., 2025) trains a fully open-source RL-based
coding agent achieving 59% on SWE-Bench-Verified. Golubev et al. (2025) combines rejection fine-tuning with DAPO to
train a 72B SWE agent, increasing SWE-bench pass rate from 20% to 39%. For reasoning and tool use, Search-R1 (Jin
et al., 2025) extends R1-style RL to search-augmented settings, improving performance by 41% over RAG baselines.
ARTIST (Singh et al., 2025) unifies agentic reasoning and tool integration via RL, enabling autonomous tool invocation
within multi-turn reasoning chains. ML-Agent (Liu et al., 2025e) applies RL to autonomous machine learning engineering,
where a 7B agent trained on merely 9 ML tasks outperforms the 671B DeepSeek-R1 agent. AgentRefine (Fu et al., 2025)
trains agents to self-refine erroneous actions based on environment feedback.

Scaling and Training Infrastructure. Scaling agent RL to multi-turn, multi-task, and long-horizon settings introduces
significant engineering and algorithmic challenges. AgentRL (Zhang et al., 2025a) presents a scalable multi-turn, multi-task
framework with a fully-asynchronous generation-training pipeline, cross-policy sampling for exploration, and task advantage
normalization for stable multi-task training. LOOP (Chen et al., 2025a) proposes a data- and memory-efficient PPO variant
for interactive digital agents, with a 32B agent outperforming OpenAI o1 on AppWorld. AgentGym-RL (Xi et al., 2025)
proposes ScalingInter-RL that gradually shifts from exploitation to exploration across training, matching or surpassing
commercial models on 27 tasks. ReMA (Wan et al., 2025) decouples reasoning into a meta-thinking agent and a low-level
reasoning agent via multi-agent RL. MAGRPO (Liu et al., 2025c) models LLM collaboration as cooperative multi-agent RL
with centralized group-relative advantages. MARTI (Zhang et al., 2026b) provides an open-source framework for training
multi-agent LLM systems with graph-based workflows and both rule-based and generative rewards. VAGEN (Wang et al.,
2025a) introduces world modeling RL for multi-turn VLM agents.

Benchmarks and Evaluation. Several benchmarks have been established to evaluate agent capabilities, including Web-
Shop (Yao et al., 2022) for web-based shopping tasks, ALFWorld (Shridhar et al., 2021) for embodied household tasks,
AndroidInTheWild (Rawles et al., 2023) for mobile device control, SWE-bench (Jimenez et al., 2024) for real-world
software engineering, WebArena (Zhou et al., 2024b) for realistic web navigation, AgentBench (Liu et al., 2024b) for
multi-dimensional agent evaluation, and GAIA (Mialon et al., 2024) for general AI assistants. More recently, TheAgentCom-
pany (Xu et al., 2024) simulates a full software company environment with integrated development and communication tools,
where the best agents solve only 30% of tasks autonomously. AgentGym (Xi et al., 2024) provides a unified framework
featuring 7 scenarios, 14 environments, and 89 tasks for concurrent agent interaction and self-evolution. MultiAgent-
Bench (Zhu et al., 2025) evaluates multi-agent LLM systems across diverse collaboration and competition scenarios with
novel milestone-based KPIs.

Positioning of FEDAGENT. Despite the rapid progress in LLM agent RL, from policy optimization algorithms (Shao
et al., 2024; Yu et al., 2025a) and reward design (Wei et al., 2025a; Liu et al., 2025d) to world model augmentation (Chen
et al., 2025b; Xiao et al., 2026) and scalable training frameworks (Zhang et al., 2025a; Xi et al., 2025), all existing methods
assume a centralized training paradigm where all training data (task queries and trajectories) are collected in one place. This
assumption is increasingly unrealistic due to privacy regulations (e.g., GDPR, CCPA) and the sensitivity of user interaction
data. FEDAGENT addresses this critical limitation by enabling collaborative agent RL training across distributed clients
while keeping all data local, providing the first systematic investigation of decentralized agent learning with a comprehensive
benchmark featuring novel heterogeneity challenges unique to the agent setting.
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C. More Details of Heterogeneity Challenges
C.1. Pseudo Code for Client Partitioning Strategies

C.1.1. PREFERENCEPARTITION

Algorithm 2 PREFERENCEPARTITION

Require: Category pools {Ic}Cc=1 with sizes nc; total clients K; per-client set size L; jitter ω
Ensure: Client datasets X1, . . . , XK with |Xk| = L

1: pc ← nc/
∑C

j=1 nj ; ℓc ← log pc

1−pc
▷ global mix + logit anchors

2: for k = 1 to K do
3: zc ∼ N (ℓc, ω

2) for c = 1 . . . C; qc ← exp(zc)/
∑

j exp(zj) ▷ larger ω⇒ higher variance
4: (a1, . . . , aC) ∼ Multinomial(L; q1, . . . , qC) ▷ category counts for client k
5: if any ac > nc then set ac ← min(ac, nc) and redistribute leftover by q to classes with spare capacity ▷ capacity fix

within a set
6: Xk ←

⋃C
c=1 SAMPLEWITHOUTREPLACEMENT(Ic, ac)

7: end for
8: return {Xk}Kk=1

C.1.2. COVERAGEPARTITION

Algorithm 3 COVERAGEPARTITION

Require: total items N (indexed 1:N ); total clients K; per-client bounds (Lmin, Lavg, Lmax) with Lmin≤Lavg≤Lmax;
dispersion ξ; desired average replicas per item r

Ensure: Client datasets X1, . . . , XK

1: T ← ⌊rN⌉ ▷ total assignments (sum of all |Xk|); keeps global overlap fixed
2: assert KLmin ≤ T ≤ KLmax ▷ feasibility under per-client bounds
3: µ← (Lavg − Lmin)/(Lmax − Lmin); α← µξ, β ← (1− µ)ξ ▷ Beta params with mean fixed at Lavg
4: Sample xk ∼ Beta(α, β) for k = 1 . . .K ▷ larger ξ⇒ lower variance (sizes closer to Lavg)

5: uk ← Lmin + xk(Lmax − Lmin); uk ← uk ·
T∑
j uj

▷ shape then renormalize to sum T

6: nk ← ROUNDTOSUM(u, T, [Lmin, Lmax]) ▷ largest remainder with clipping to [Lmin, Lmax]
7: m← ⌊r⌋, M ← ⌈r⌉, H ← T −mN
8: Set qi ←M for any H items; qi ← m otherwise
9: Initialize Xk ← ∅, remk ← nk for all k

10: for i = 1 to N do ▷ weighted, no-replacement placement across clients
11: A ← {k : remk > 0}; choose qi distinct k ∈ A with Pr(k) ∝ remk

12: Add item i to each chosen Xk and decrement the corresponding remk

13: end for
14: return {Xk}Kk=1
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C.1.3. HARDNESSPARTITION

Algorithm 4 HARDNESSPARTITION

Require: total items N (indexed 1:N ); disjoint index sets S (successful) and U (unsuccessful) with S ∪ U = {1:N}; total
clients K; per-client set size L; Hyperparameters for COVERAGEPARTITION: bounds (ℓ, c, h) with h ≤ L, dispersion
ξ′, overlap r

Ensure: client datasets X1, . . . , XK with |Xk| = L
1: {Yk}Kk=1 ← COVERAGEPARTITION

(
|S|,K, (ℓ, c, h), ξ′, r

)
▷ larger ξ′ ⇒ lower variance

2: for k = 1 to K do
3: mk ← L− |Yk|; Fk ← SAMPLEWITHOUTREPLACEMENT(U ,mk)
4: Xk ← Yk ∪ Fk

5: end for
6: return {Xk}Kk=1
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C.2. Client Distributions under Partitioning Strategies

C.2.1. PREFERENCE HETEROGENEITY

0 20 40 60 80 100
Client ID

0

20

40

60

80

100

Nu
m

be
r o

f S
am

pl
es

Category Distribution (  = 0.1)

0 20 40 60 80 100
Client ID

0

20

40

60

80

100

Nu
m

be
r o

f S
am

pl
es

Category Distribution (  = 0.9)

beauty
electronics

fashion
garden

grocery

Figure 5: Client Distribution under Preference Heterogeneity (WebShop, ω = 0.1 vs. ω = 0.9).
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Figure 6: Client Distribution under Preference Heterogeneity (ALFWorld, ω = 0.1 vs. ω = 0.9).
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C.2.2. COVERAGE HETEROGENEITY
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Figure 7: Client Distribution under Coverage Heterogeneity (WebShop, ξ = 1 vs. ξ = 256).
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Figure 8: Client Distribution under Coverage Heterogeneity (ALFWorld, ξ = 1 vs. ξ = 256).
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C.2.3. HARDNESS HETEROGENEITY
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Figure 9: Client Distribution under Hardness Heterogeneity (WebShop, ξ′ = 1 vs. ξ′ = 256).
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Figure 10: Client Distribution under Hardness Heterogeneity (ALFWorld, ξ′ = 1 vs. ξ′ = 256).
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