Federated Agent Reinforcement Learning



Centralized Agent Training

e Training Al agents typically requires centralized access to vast amounts of
users’ real-world task query and trajectory data.
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How to train Al agents while protecting users’ data privacy?




FedAgent: Federated Agent Reinforcement Learning

e We explored a new decentralized FedAgent

paradigm of training Al agents,

namely FedAgent. o  w WES
e |t enables collaborative agent . LLM Agent : Env
learning across distributed clients e
without sharing local data, which T L
preserve users’ data privacy. LLM Agent . Env
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FedAgent: Federated Agent Reinforcement Learning

e |In each round, the server distributes the

current model to selected clients, who then

train locally on their own data and send
back their updated models.

e [he server aggregates these updates by
averaging them to create an improved
global model for the next round.

e This process repeats iteratively, facilitating
distributed LLM agent training while
preserving data privacy since only model
parameters, not raw data, are exchanged.
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FedAgentGym: A Decentralized Agent Learning Environment

e To systematically investigate the FedAgentGym

effectiveness of this new training

paradigm as well as the impact LLM Agents: gwsn2.5.1.5h/3b/-7h, lama3.2-3b

factors, we built the first Application Datasets:
decentralized agent learning ’5 T e
environment FedAgentGym. B :;':»\;.-1::.::-—

e Four types of LLM agents, two s Wﬁ}“ﬁ;‘*‘f—’ e

applications, three variations of
Decentralized Settings: samples per client.

decentralized SettingS, three new clients selected per round, epochs per client per round

heterogeneity challenges. : \
Client Heterogeneily: Preference Heterogeneity,

Coverage Heterngeneity, Hardness Heterogeneity




Convergence of FedAgent

e FedAgent converges to a neighborhood of the optimum under the PL and
smoothness conditions.

Theorem 1 (Convergence of FEDAGENT). Under Assumptions 1-5, suppose that ar each communi-
cation round 1 the server uniformly samples without replacement a subset S, = K of size M < K

and aggregares only those clients’ updates: Oy — 05 + A‘, Y neg, A0k, with the same local inner

loop and notation as in Algorithm [, Let each selected client perform T local m:ps mth stepsize 1.
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Is FedAgent Comparable to Centralized Agent Learning?

Setup: 100 clients, each client has
100 task instructions, 2 clients are
randomly selected each round, 3
epochs per round, a total of 70
rounds and 210 epochs overall.
FedAgent consistently outperforms
Local Agent Training and achieves
comparable performance to

Centralized Agent Training.
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Is FedAgent Comparable to Centralized Agent Learning?

e Both paradigms (FedAgent and Centralized Agent Training) ultimately converge to
similar success rates despite different training dynamics.
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Impact of Decentralized Settings

Three different decentralized
settings: (1) samples per client; (2)
clients selected per round; (3)
epochs per client per round.
FedAgent exhibits distinct sensitivity
patterns towards decentralized
settings, depending on the specific
hyperparameter and dataset.
Optimal FedAgent configurations
are environment-dependent.
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Impact of Heterogeneity Challenges

Three different heterogeneity
challenges: Preference, Coverage,
or Hardness Heterogeneity.
FedAgent shows high robustness
against the three heterogeneity
challenges.

FedAgent has great potential to
handle real-world scenarios across
the full spectrum of heterogeneity
challenges.
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