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Abstract

Training Large Language Model (LLM) agents
via Reinforcement Learning (RL) in federated
settings faces fundamental challenges, includ-
ing model heterogeneity across clients, pro-
hibitive communication costs and severe data
heterogeneity. We propose a semantic feder-
ated learning framework called SemFed that
addresses all challenges by communicating
behavioral patterns rather than model param-
eters. Each client extracts compact seman-
tic policy summaries from local training tra-
jectories, which are aggregated at the server
into shared, elite and anti-patterns. These ag-
gregated patterns are injected back into lo-
cal training through different complementary
channels. Since the communicated objects
are structured behavioral abstractions, SemFed
supports heterogeneous model architectures
while reducing per-round communication to
kilobytes. Experiments on ALFWorld and Web-
Shop demonstrate that SemFed consistently
outperforms strong federated baselines across
multiple LLM backbones. The mixed back-
bone evaluation with Qwen2.5-1.5B, Qwen2.5-
7B, and Llama-3.2-3B clients directly validates
cross-architecture collaboration without param-
eter alignment.

1 Introduction

LLMs have evolved from passive text processors
into autonomous agents that perceive environment
states and execute multi-step actions in interactive
scenarios (Yao et al., 2023; Shinn et al., 2023;
Qin et al., 2024; Yao et al., 2022; Yang et al.,
2024). Reinforcement learning has become the
dominant paradigm for training such agents, and
allows them to discover effective behavioral strate-
gies through trial-and-error interactions with the
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Figure 1: Three intertwined challenges in applying fed-
erated learning to LLM agents.

environment (Ouyang et al., 2022; Rafailov et al.,
2023; Shao et al., 2024; Guo et al., 2025). Recent
agent-tuning frameworks further demonstrate that
RL-based optimization on interaction trajectories
significantly outperforms supervised behavioral
cloning on long-horizon tasks (Xi et al., 2025b;
Song et al., 2024; Chen et al., 2024).

Despite these advances, training data for LLM
agents is inherently distributed across organiza-
tions and individual users. Many task domains
involve sensitive interaction logs that cannot be
centralized due to privacy regulations and corpo-
rate data policies (Kairouz et al., 2021). Feder-
ated Learning (FL) offers a natural solution by en-
abling collaborative training without exposing raw
data (McMabhan et al., 2017). However, directly
applying federated learning to LLM agents ex-
poses three intertwined challenges that no existing
method jointly addresses, as illustrated in Figure 1.
@ Clients often deploy models of varying archi-
tectures and scales, while classical methods such
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as FedAvg (McMahan et al., 2017), FedProx (Li
et al., 2020), and SCAFFOLD (Karimireddy et al.,
2020) strictly require homogeneous structures
across all participants. @ Per-round communi-
cation overhead grows prohibitively large when
synchronizing billion-parameter models or even
parameter-efficient adapters (Hu et al., 2022). Each
round transmits hundreds of megabytes that over-
whelm bandwidth-constrained edge deployments.
® Clients face highly skewed non-IID task dis-
tributions that cause local optima to diverge from
the global objective (Cheruiyot et al., 2025).

Our key observation is that the transferable
knowledge across LLLM agents lies in behavioral
strategies rather than model parameters. For in-
stance, when an agent discovers that a sequence
reliably solves shopping tasks, this strategic knowl-
edge benefits any agent regardless of the underlying
architecture. This observation aligns with the prin-
ciple of semantic communication that conveys task-
level meaning rather than raw bit sequences (Yang
et al., 2022; Xie et al., 2023) and motivates a funda-
mentally different design for federated agent learn-
ing. We accordingly elevate the federated commu-
nication substrate from the parameter space to the
semantic behavior space.

We propose SemFed as a semantic federated re-
inforcement learning framework tailored to hetero-
geneous LLM agents. SemFed extracts structured
semantic policy summaries from local training tra-
jectories on each client, and aggregates them at the
server into shared patterns, elite patterns and fail-
ure anti-patterns without accessing any raw data or
model weights. The aggregated knowledge is then
re-injected into local training through three com-
plementary channels including prompt augmenta-
tion, reward shaping and trajectory relevance scor-
ing. Because the communicated objects are struc-
tured behavioral abstractions rather than gradients
or weights, SemFed supports heterogeneous model
architectures while reducing per-round communi-
cation to kilobytes regardless of model scale. Our
main contributions are as follows:

* We propose SemFed as a pioneering attempt
to enable federated reinforcement learning for
heterogeneous LLM agents through the com-
munication of structured semantic behavioral
patterns rather than model parameters.

e Structured Semantic Policy Extraction (SSPE)
is designed to distill local training trajecto-
ries into compact policy summaries cover-

ing action preferences, success strategies, and
failure-mode patterns through a unified action
standardization mapping.

* Cross-Client Semantic Knowledge Aggrega-
tion (CSKA) is developed to identify shared
patterns, elite-exclusive strategies, and high-
risk anti-patterns across clients without access-
ing any raw data or model weights.

* Knowledge-Guided Training Signal Genera-
tion (KTSG) is introduced to inject aggregated
knowledge into local RL pipelines along three
complementary dimensions, namely prompt
augmentation, reward shaping, and trajectory
relevance scoring.

2 Related Work

2.1 Federated Learning for LLM

Recent efforts have begun adapting FL to large
language models. FedIT (Zhang et al., 2024) pi-
oneered federated instruction tuning on decentral-
ized prompt-response pairs. Subsequent toolkits
such as FedPETuning (Zhang et al., 2023) system-
atically benchmark parameter-efficient federated
fine-tuning across diverse LoRA-style adapters.
Personalized federated LLM methods including
FedPepTAO (Che et al., 2023) mitigate client drift
through prompt or adapter personalization, while
FwdLLM (Xu et al., 2024) reduces on-device mem-
ory via backpropagation-free updates. To address
privacy beyond data isolation, differentially pri-
vate federated LLLM fine-tuning (Liu et al., 2024)
has been investigated under formal noise bud-
gets. Conventional federated RL generally as-
sumes structurally aligned policy networks and
communicates gradients or model parameters (Qi
et al., 2023). However, federated LLM fine-tuning
mainly considers decentralized instruction or pref-
erence data without long-horizon environment in-
teraction. FedAgent (Chen et al., 2026) is the clos-
est parameter-space baseline for federated LLM-
agent training, but relies on compatible LoRA struc-
tures. In contrast, SemFed transfers canonical be-
havioral abstractions without requiring parameter
alignment.

2.2 Reinforcement Learning for LLM Agents

Reinforcement learning has emerged as the cen-
tral technique for shaping LLM agent behavior
on long-horizon interactive tasks. ArCHer (Zhou
et al., 2024) introduces a hierarchical actor-critic
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framework that scales RL fine-tuning to multi-
turn agent rollouts. ETO (Song et al., 2024) al-
ternates between successful and failed trajectories
to improve exploration efficiency. RAGEN (Wang
et al., 2025) extends GRPO-style optimization with
rollout-aware advantage estimation for stochas-
tic agent environments. StepAgent (Cheng et al.,
2025) performs step-level credit assignment to al-
leviate the sparse-reward problem common in web
and tool-use tasks. Verifiable-reward training such
as RLVR (Lambert et al., 2025) further demon-
strates that programmatic feedback signals can
scale agent RL beyond human-preference supervi-
sion. Complementary surveys on LLM agents (Xi
et al., 2025a) and federated reinforcement learn-
ing (Qi et al., 2023) map the broader landscape.

3 Methodology

3.1 Overview

In this paper, we propose a federated reinforcement
learning framework tailored to heterogeneous LLM
agents named SemFed, as illustrated in Figure 2.
SemFed comprises three tightly integrated com-
ponents. On the client side, SSPE module drives
each client to perform local reinforcement learning
over its private data while concurrently recording
the complete interaction trajectories with the envi-
ronment. Building upon the structured summaries
uploaded from the clients, the CSKA module on
the server consolidates these summaries without ac-
cessing any raw data or model weights, and distills
the differentiated behavioral patterns into a global
semantic knowledge base. Finally, the KTSG mod-
ule translates the aggregated global knowledge into
guidance signals adapted to local training pipelines,
and disseminates them to the clients selected in the
subsequent training round.

3.2 Problem Formalization

This paper considers a federated learning system
composed of K clients {C1,Cs,...,Ck} and a
central server .S, where each client C}, holds a local
private dataset Dy whose interaction tasks follow
a heterogeneous distribution P,. The global opti-
mization objective of federated training is to learn a
policy 7y that maximizes the expected cumulative
reward across all client scenarios:

K ‘D ‘ T
J0)=>" ﬁ E;~p, [Z; vtrt(f)] ;o (D
k=1 t=

where |D| = ), |Dj| denotes the total amount
of global data, Py is the trajectory distribution of
client Cy, v € [0, 1] is the reward discount factor,
r(7) is the immediate reward at step ¢ of trajectory
7, and 7' is the total length of a single interaction
trajectory.

Within this framework, an LLM agent is defined
as a textual policy 7 that takes textual environment
observations and historical interaction information
as input. my generates textual actions token by to-
ken autoregressively. A Dirichlet distribution is
employed to model the heterogeneous task distri-
bution across clients, the task category distribution
received by client C, satisfies:

qk,
Pk<gm>=iZM ”;k : )
m’:l ,'I’I’L,

where G = {¢1,92,...,90m} denotes the set of
all task categories, and the category weight vector
qr ~ Dir(a - 157), with a being the concentration
parameter of the Dirichlet distribution and 1,; an
M-dimensional all-ones vector. A smaller o cor-
responds to a more skewed client task distribution
and stronger heterogeneity. As a — oo, all client
task distributions degenerate into the i.i.d. setting.

3.3 Structured Semantic Policy Extraction

To reduce the communication overhead of transmit-
ting model parameters in traditional FL, we pro-
pose the SSPE module. In each round, the selected
clients first perform local reinforcement learning
with GRPO (Shao et al., 2024). Given a task in-
struction &, GRPO samples a group of responses
from the current policy and computes the group-
relative advantage through intra-group normaliza-
tion:

AA_ri—mean({T’l,--wTG})
A = S0, ral) 1 e 3)

where {y1, ..., yq} is the response set sampled un-
der the same instruction and r; = R(z,y;) is the
corresponding environmental reward. The func-
tions mean(-) and std(-) compute the intra-group
statistics of rewards. The constant e prevents di-
vision by zero. The local training loss combines
a clipped surrogate term and a KL regularization
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Figure 2: The overview of the SemFed framework which couples Structured Semantic Policy Extraction, Cross-
Client Semantic Knowledge Aggregation and Knowledge-Guided Training Signal Generation within a unified

pipeline.
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where p;(0) = mo(yi | ©)/7o,,(yi | @) is the
importance ratio and ¢ is the clipping threshold.
The term 7, denotes the pre-trained reference
model and 3 controls the regularization weight.
During training, SSPE simultaneously collects
complete interaction trajectories and augments
each with metadata:
(k) _ ( (k)

T; T

(k) (k) (k)
j j,Rj,s-,g-),

J J

&)

) = {(or,an, )}

The cumulative return is R§k) = >, 1. The
(

indicator s jk) € {0, 1} marks task completion and
gj(k) € G is the task category. All augmented tra-
jectories are stored in the local buffer By.

The client uploads only lightweight structured
policy summaries rather than model parameters or
gradients after training. We define three categories

of behavioral patterns covering action preferences,

successful experiences, and failure-inducing behav-
iors. The action preference ppret = (@, fo; Tas Ca)
records the frequency f,, average reward 7, and
triggering context c,, of action category . The suc-
cessful strategy psuce = (0, fo, 7o, ko) captures
high-frequency consecutive action combinations
o = (a, a;41) extracted from successful samples.
The failure pattern pg,;; identifies erroneous actions
that occur abnormally often in failed trajectories.

To unify free-form textual actions, we introduce
a standardization mapping function ¢:

a, a€R,I=1,....n—1;
$la) =" : ©6)

an, otherwise,

where A¢ype = {1, a2, ..., o, } is the predefined
standardized action set and R; is the matching
rule for action «;. The category «,, absorbs non-
canonical actions. In practice, ¢ is implemented
using deterministic benchmark-specific parsers for
ALFWorld and WebShop, with unmatched free-
form actions mapped to an other category. Fur-
ther implementation details are provided in the Ap-

pendix.
The decision criterion for a failure pattern is

given as
fgéail,(k) > \- fzucc,(k:)’ @)

fail, (k k
where fo ) and f;ucc’( ) are the average occur-

rence frequencies of the target action in failure and
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success trajectories. The constant A > 1 is the iden-
tification threshold. The complete policy summary
of client C}, at round ¢ is then defined as

P]E;t) = (Rk, ure Aka Pk, dk) ) (8)

where R, is the average episode reward and 7,

is the task success rate. The term A, = R,(f) —

R,(ffl) measures the reward improvement between
consecutive rounds. The set pi collects behavioral
patterns and d, encodes the local task distribution.

The summary is serialized as structured text and
the per-round uplink cost satisfies:

(k) _
COs'tupload -

|Serialize(73,gt)) |
- O(Pmax : Lp) 3 (9)

where P ax is the maximum number of stored pat-
terns and L,, is the average serialized length of a
single pattern.

3.4 Cross-Client Semantic Knowledge
Aggregation

To mine cross-client knowledge without exposing
raw data or model weights, we design the CSKA
module. The server fuses the uploaded summaries
into a global guidance knowledge G (). Behavioral
patterns commonly observed across clients are re-
garded as transferable shared knowledge. We de-
fine a pattern feature mapping function v to unify
semantically equivalent patterns:

Y(p) = type(p) @ seq(actions(p)),  (10)

where type(p) denotes the pattern category and
seq(actions(p)) preserves the original order of
standardized actions. The operator & denotes string
concatenation, so only patterns with the same type
and ordered action sequence share the same feature
code. The screening criterion for shared patterns is

given as
(X o
t
where K is the number of participating clients at
round ¢. The set C, = {k : Ip € pg, ¥(p) = K}
collects clients holding pattern «. The constant
Oshared € (0, 1) is the selection threshold.

To identify high-quality strategies exclusive to
top-performing clients, an elite group is partitioned
by the global average reward. The elite specificity
score of a pattern is defined:

> 5shared 3

elite

ES(p) L

= f;lon—elite + 6’ (12)

where f;’hte and fz‘;lon‘ehte are the occurrence pro-
portions of the pattern in elite and non-elite clients.
A pattern with score above the threshold is treated
as an elite-exclusive strategy. Globally collected
failure patterns are deduplicated and ranked by
severity:

Severity(p) = f;aﬂ “ Kp, (13)

where f;aﬂ is the occurrence frequency in failed
trajectories and r, is the behavioral confidence.
Integrating shared patterns and elite patterns and
failure anti-patterns yields the global guidance in-
formation:

(50 (t) (t)
g(t) = (Rglobal’ nglobal’ Pghared:

(®) ()

(14)
Pelites Panti’ h(t)>7

()

and ng’i pal are the global average re-

ward and global success rate. The sets psl)are d
(®) (t)

Pejite and P, ; contain the three pattern categories.
The set h(®) collects the training guidance prompts
derived from the aggregated knowledge.

»(t)
where Rg1 obal

and

3.5 Knowledge-Guided Training Signal
Generation

To make the aggregated global knowledge directly
usable in local reinforcement learning, we propose
the KTSG module. The transformation is realized
through three mechanisms including prompt aug-
mentation, reward shaping, and trajectory relevance
scoring. Prompt augmentation converts the global
knowledge into natural language statements. The
statements are embedded into the system prompt
and concatenated with environment observations
to form the decision input. The optimized policy is
expressed as

776()?1)(@ | 0, h) = mp, (a‘ [I(t); 0} , h) , (15)

where I(*) is the guidance prompt generated from
the aggregated knowledge. The expression [I(*); o]
denotes the concatenation of the prompt and the en-
vironment observation. The term £ is the historical
interaction context.

Reward shaping rectifies the original environ-
mental reward according to the matching results
against behavioral patterns. This mechanism in-
jects an explicit knowledge constraint into the local
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training signal:

R(r)=R(m)+ Y Ar™Irkp|

PEPshared

+ Z Ar;lite I[7 E p)

PEDPelite

+ Y A E p),

PEPanti

(16)

where R(7) is the original environmental reward
and 7 F p indicates that trajectory 7 matches
pattern p. The function I[-] takes the value 1 on
a successful match and O otherwise. The terms
Arzhared and Arghte are positive gains rewarding
high-quality behaviors. The term Argnti is a nega-
tive penalty suppressing erroneous behaviors.

For each trajectory in the local buffer, we fur-
ther compute a relevance score against the global
knowledge:

Rel(T,g(t)) = Z wg kp 1T F p)

PEPshared

+ Z we kp I[7 E p)

PEPelite

+ Z wafPH[T ':p]7

PEPanti

a7

where wg and w, and w, are the relevance weights
for shared patterns and elite patterns and anti-
patterns.

4 Experiments

4.1 Datasets

We evaluate SemFed on two interactive agent
benchmarks. WebShop (Yao et al., 2022) is a sim-
ulated HTML e-commerce environment in which
the agent completes purchase tasks through search,
filter and selection actions. ALFWorld (Shridhar
et al., 2021) is an embodied benchmark covering
six household-activity categories, namely Pick &
Place, Examine in Light, Clean & Place, Heat
& Place, Cool & Place and Pick Two & Place.
Detailed dataset statistics are provided in the Ap-
pendix.

4.2 Baselines and Configurations

SemFed is compared against representative feder-
ated, centralized, and isolated training baselines.
FedAgent (Chen et al., 2026) combines federated
GRPO (Shao et al., 2024) with LoRA-based param-
eter aggregation. FedAvg (McMahan et al., 2017)

averages LoRA adapter weights across clients,
while FedProx (Li et al., 2020) adds proximal reg-
ularization to mitigate client drift. Local GRPO
trains each client independently without commu-
nication. Centralized trains a single model on
the union of all client training instructions under
the same total interaction and optimization budget
as the federated methods. Homogeneous exper-
iments use the same backbone within each run,
covering Qwen2.5-1.5B/3B/7B-Instruct (Hui et al.,
2024) and Llama-3.2-3B-Instruct (Grattafiori et al.,
2024), with Qwen2.5-1.5B-Instruct as the default
backbone. The default homogeneous setting uses
K =100 clients, samples M =2 clients per round,
runs for 70 rounds, and adopts a Dirichlet concen-
tration of 7=0.5. For the mixed-backbone evalua-
tion, 60 clients from Qwen2.5-1.5B, Qwen2.5-7B,
and Llama-3.2-3B jointly participate in one federa-
tion, with six clients sampled per round. Success
Rate (SR), Task Score (TS), and Communication
Cost (Comm.) are reported as the primary metrics,
with further details provided in the Appendix.

4.3 Overall Performance Comparison

Table 1 reports the per-subtask Success Rate on
ALFWorld and the dual metrics on WebShop across
four LLM backbones. On ALFWorld, SemFed at-
tains the highest overall Success Rate under all four
backbones, surpassing FedAgent by +3.2, +3.6,
+2.9 and +3.4 points on Qwen2.5-1.5B, Qwen2.5-
3B, Qwen2.5-7B and Llama-3.2-3B, respectively.
The gains concentrate on the Cool and Pick2 sub-
tasks, where SemFed exceeds FedAgent by up to
5.2 and 12.5 points (Qwen2.5-1.5B), and by 7.7
and 12.6 points (Llama-3.2-3B). Both subtasks in-
volve rare or specialized action patterns that ben-
efit from client specialization, which parameter
aggregation tends to dilute through weight aver-
aging. On WebShop with Qwen2.5-7B-Instruct,
SemFed reaches a Task Score of 91.2 and a Suc-
cess Rate of 71.5%, exceeding FedAgent by 2.2
and 2.6 points, respectively. The improvements
remain stable across 1.5B—7B parameter scales and
across Qwen and Llama families, indicating that
semantic guidance is not coupled to a specific back-
bone configuration.

Table 2 further provides a complete comparison
with standard federated baselines under the same
Qwen2.5-1.5B setting. SemFed outperforms Fe-
dAvg, FedProx, and FedAgent by 6.6, 5.3, and 3.2
points on ALFWorld Success Rate, respectively.
On WebShop, SemFed also exceeds FedAvg by 4.2
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Table 1: Performance comparison on ALFWorld and WebShop across four LLM backbones. Pick, Look, Clean,
Heat, Cool and Pick2 denote the six ALFWorld subtasks. Score and Succ. denote Task Score and Success Rate on

WebShop.
Method ALFWorld WebShop
Pick  Look Clean Heat Cool Pick2 All Score Succ.
Owen2.5-1.5B-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 37.5 69.2 50.0 42.9 28.6 51.6 79.9 57.8
FedAgent 8.0 750 538 375 833 500 641 8.2 617
SemFed 82.5 81.3 58.0 45.0 88.5 62.5 67.3 85.7 64.8
Owen2.5-3B-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 33.7 333 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 80.0 64.3 429 50.0 22.2 62.5 70.0 53.9
FedAgent 95.5 62.5 49.7 47.5 85.3 45.1 65.2 85.5 63.1
SemFed 95.0 75.0 54.0 53.0 89.5 56.3 68.8 87.6 65.9
Owen2.5-7B-Instruct
Local (Client 21) 35.5 25.0 61.0 25.9 35.8 452 38.4 70.9 49.2
Local (Client 42) 29.0 45.0 18.8 25.6 15.9 38.0 42.1 78.2 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 82.5 71.5 479 63.2 31.9 73.3 78.8 64.7
FedAgent 945 850 560 625 867 428 755 890 689
SemFed 95.5 87.5 64.5 67.0 90.0 53.1 78.4 91.2 71.5
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 62.5 59.3 452 53.7 27.9 54.9 72.3 56.2
FedAgent 837 575 606 559 653 249 612 744 578
SemFed 85.0 62.5 64.5 58.5 73.0 37.5 64.6 77.8 60.5

Table 2: Complete baseline comparison on Qwen2.5-
1.5B-Instruct. Results are reported as mean + standard
deviation over three random seeds.

Method ALFWorld SR WebShop Score  WebShop SR
Local GRPO 36.54+2.1 72.6£1.8 52.6£2.0
Centralized 51.6+1.5 79.9+1.2 57.8+£1.4
FedAvg 60.7£1.3 81.5+1.1 59.6+1.3
FedProx 62.0£1.2 82.3£1.0 60.4+1.2
FedAgent 64.1+0.9 83.2+0.8 61.7+0.9
SemFed 67.3+0.8 85.7+0.7 64.840.8

points in Task Score and 5.2 points in Success Rate.
Paired bootstrap tests further confirm that the main
improvements over FedAgent are statistically sig-
nificant (p < 0.01). Detailed confidence intervals
are reported in Appendix.

4.4 Mixed-Backbone Federated Collaboration

The previous experiments evaluate SemFed across
different backbone configurations, while model

heterogeneity in practical federations requires
clients with incompatible architectures to collabo-
rate within the same training run. We therefore
construct a mixed-backbone federation with 60
clients, consisting of 20 Qwen2.5-1.5B-Instruct,
20 Qwen2.5-7B-Instruct, and 20 Llama-3.2-3B-
Instruct clients. Six clients participate in each
communication round, with stratified sampling
selecting two clients from each backbone group.
Each client maintains its own model parameters,
LoRA adapter, optimizer, and local trajectory
buffer, while only canonical semantic policy sum-
maries are exchanged through the shared aggrega-
tion server.

Direct parameter averaging across these hetero-
geneous LoRA structures is undefined. We there-
fore introduce FedAgent Clustered as a feasible
baseline, which aggregates parameters indepen-
dently within each compatible backbone family
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Table 3: Same-federation mixed-backbone evaluation. The federation contains Qwen2.5-1.5B, Qwen2.5-7B, and
Llama-3.2-3B clients. ALF SR denotes ALFWorld success rate. Macro is averaged across the three backbone
groups. Comm. denotes total communication over training.

Method Qwen-1.5B Qwen-7B  Llama-3B  Macro ALF SR WebShop Score  WebShop SR Comm.
Local GRPO 50.84+1.6 61.7£1.4 54.2+1.8 55.6£1.2 73.6£1.5 53.8£1.7 0

FedAgent-Clustered 63.4+1.1 74.240.9 60.2+1.3 65.9£0.8 84.8+0.8 62.7£1.0 79.8 GB
SemFed-Homogeneous  67.3+0.8 78.4+0.7 64.6+1.0 70.1+0.6 84.9+0.7 65.6+0.8 8.43 MB
SemFed-Mixed 66.8+0.9 77.6+0.8  64.14+0.9 69.5+0.7 84.6+0.6 65.1+0.7 3.64 MB

Table 4: Per-round communication breakdown for
SemFed on Qwen2.5-1.5B-Instruct. The first five
rounds are shown as a representative window. The
mean per-round cost is 40.1 KB and the cumulative
cost over 70 rounds is 2.81 MB. Upload denotes
client—server policy summaries while Download de-
notes server—-client aggregated guidance. Shared and
Elite denote the number of patterns identified by the
server in each round.

Round Upload  Download Total Shared Elite

1 12.5KB 26.2KB 38.7KB 15 5

2 11.9KB 26.8 KB 38.7 KB 15 5

3 12.5 KB 31.4KB 439 KB 15 9

4 12.4 KB 26.2 KB 38.6 KB 15 5

5 11.8 KB 29.0 KB 40.8 KB 15 7
Mean/round 12.2 KB 27.9 KB 40.1 KB — —
70-round total 0.83MB 198MB 2.81 MB — —

Table 5: Communication-frequency analysis on
Qwen2.5-1.5B-Instruct. Every 2 rounds applies seman-
tic guidance only on even-numbered rounds, while odd
rounds run local GRPO without guidance exchange.

Frequency Best SR Rounds Comm. Compress.
Every round 64.8 70 281 MB  5.6x10°
Every 2 rounds 57.7 70 1.41 MB 1.1x10*

under the same participation and interaction bud-
get.

As shown in Table 3, SemFed-Mixed achieves
a macro ALFWorld success rate of 69.5%, outper-
forming FedAgent-Clustered by 3.6 points, while
improving WebShop success rate from 62.7% to
65.1%. Compared with three separate homoge-
neous SemFed federations, the mixed setting re-
tains 99.1% of the ALFWorld performance and
99.2% of the WebShop success rate. Meanwhile,
the total communication is only 3.64 MB, com-
pared with 79.8 GB for FedAgent-Clustered. These
results provide direct evidence that SemFed en-
ables heterogeneous LLM backbones to collaborate
through a shared semantic space without requiring
parameter alignment.

Table 6: Ablation on guidance channels for SemFed
on Qwen2.5-1.5B-Instruct. Best Success Rate (%) is
reported. Each variant retains only one guidance chan-
nel. Isolated refers to the no-communication baseline
in which clients train independently with GRPO. The
reported score is the average best SR across the partic-
ipating clients. A denotes the absolute improvement
over Isolated.

Variant Best SR A vs. Isolated
Isolated (no guidance) 52.6 —

Elite Only 53.4 +0.8

Anti Only 54.7 +2.1
Shared Only 60.5 +7.9
SemFed (Full) 64.8 +12.2

4.5 Communication Efficiency Analysis

Table 4 reports the per-round upload and download
budget of SemFed during training. The mean per-
round cost is 40.1 KB and the cumulative cost over
70 rounds reaches 2.81 MB, of which 0.83 MB
corresponds to client-to-server uploads and 1.98
MB to server-to-client downloads. As reference,
FedAvg with rank-32 LoRA adapters on the 1.5B
base model transmits approximately 224 MB per
round and 15.7 GB across 70 rounds under the
same configuration, corresponding to a compres-
sion ratio of 5.6x103. Table 5 examines whether
every-round guidance exchange is necessary. Re-
ducing the exchange frequency to once every two
rounds yields a best Success Rate of 57.7%, which
retains 89.0% of the every-round score (64.8%)
while further reducing total communication from
2.81 MB to 1.41 MB. The compression ratio over
FedAvg correspondingly increases from 5.6x 103
to 1.1x10%,

4.6 Ablation Study on Guidance Channels

Table 6 ablates the three semantic guidance chan-
nels by retaining one channel at a time, with the
Isolated variant (52.6%) as the no-guidance ref-
erence. Shared patterns alone yield the largest
single-channel improvement (4-7.9), accounting
for 64.8% of the gain achieved by the full sys-
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Table 7: Training trajectory of SemFed on Qwen2.5-1.5B-Instruct, reported at ten evenly spaced checkpoints. SR
(%) denotes Success Rate, and Comm. denotes cumulative communication up to the checkpoint.

Round 7 14 21 28 35 42 49 56 63 70
SR (%) 42.5 50.8 55.6 58.9 61.0 62.5 63.6 64.2 64.6 64.8
Comm. (MB) 0.28 0.56 0.84 1.12 1.40 1.68 1.97 2.25 2.53 2.81

Table 8: Scalability under different federation sizes
on Qwen2.5-1.5B-Instruct. All experiments run with
7=0.5. Comm. denotes the cumulative communication
cost.

Table 9: Performance under different heterogeneity lev-
els (Dirichlet 7) on Qwen2.5-1.5B-Instruct. Lower 7
produces more skewed client task distributions.

Heterogeneity T Best SR Avg SR
Setting Clients Per Round SR Comm. FedAgent (high) _ 582 —
FedAgent 100 2 617 ~17.8GB FedAgent (low/1ID) — 62.3 _
Small federati 50 2 620 140 MB High 0.1 62.7 44.6
mall federation . ]
Default 100 2 648 281 MB Moderate 0.5 64.8 475
Large federation 200 2 656 5.61 MB Low (near-1ID) 1.0 65.6 48.5

tem. Anti-patterns and Elite patterns contribute
marginally on their own (4-2.1 and +4-0.8), since
penalty signals do not drive directed exploration
and high-performing-client strategies are tightly
coupled to local context. The full SemFed reaches
64.8% with a gain of +12.2 over Isolated, which
exceeds the linear sum of the three individual chan-
nels (+10.8) by 1.4 points.

4.7 Extended Training and Scalability
Analysis

Two complementary studies assess long-horizon
convergence and scaling behavior. Table 7 reports
the training trajectory across ten evenly spaced
checkpoints within the 70-round schedule. The
Success Rate increases monotonically from 42.5%
at round 7 to 64.8% at round 70, with the gain per
checkpoint decreasing from +8.3 in the early phase
to +0.2 near convergence. Cumulative communi-
cation scales linearly with the number of rounds,
reaching 2.81 MB at round 70.

Table 8 evaluates the scaling behavior under
varying federation sizes. The default configura-
tion attains a Success Rate of 64.8% with a total
communication of 2.81 MB. Scaling the federation
to K'=200 raises the Success Rate to 65.6% at the
cost of doubling the cumulative communication
to 5.61 MB, indicating that additional clients con-
tribute behavioral diversity but with diminishing re-
turns. A larger candidate pool brings more diverse
clients into rotation across rounds, which leads the
server to accumulate more distinct shared and elite
patterns. Reducing the federation to K =50 pro-
duces a 2.8-point drop, since the pool of distinct
behavioral patterns shrinks accordingly.

4.8 Robustness to Data Heterogeneity

Table 9 reports performance under varying Dirich-
let concentrations 7, with smaller 7 corresponding
to stronger heterogeneity. SemFed attains a best
Success Rate of 65.6% at 7=1.0, 64.8% at 7=0.5,
and 62.7% at 7=0.1. The total range from the
IID setting to the strongly heterogeneous setting
is 2.9 points, which is 1.2 points narrower than
the corresponding range of 4.1 points observed for
FedAgent over the same span. SemFed also sur-
passes FedAgent at both ends of the heterogeneity
spectrum, by +4.5 points under strong heterogene-
ity (62.7 vs. 58.2) and by +3.3 points under the
near-1ID setting (65.6 vs. 62.3). Behavioral pat-
terns are extracted from individual client policies
and combined at the semantic level, which does not
require gradient or weight alignment across clients
and is therefore less affected by distributional skew.

5 Conclusion

This work presents a semantic federated learn-
ing framework for heterogeneous LLM agents
called SemFed that communicates compact be-
havioral patterns instead of model parameters.
By decoupling federated knowledge transfer from
the parameter space, SemFed jointly addresses
the model-heterogeneity, communication-overhead
and data-heterogeneity challenges that constrain
prior methods. Extensive experiments on WebShop
and ALFWorld across four LLM backbones show
that SemFed consistently surpasses parameter-
aggregation baselines in task quality while reduc-
ing communication by over three orders of magni-
tude.
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Limitations

SemFed currently focuses on text based interac-
tive environments and relies on benchmark specific
action canonicalization, which may limit transfer
when client action spaces cannot be aligned se-
mantically. Its performance is also affected by the
thresholds used to identify shared, elite, and fail-
ure patterns. Moreover, although raw trajectories
and model parameters remain local, semantic sum-
maries may still reveal task or behavior informa-
tion.
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Algorithm 1 Structured Semantic Policy Extrac-
tion
Require: Local dataset Dy, Current policy 7y, ,
Reference policy 7ef, Standardization map-
ping ¢, Failure threshold A, Group size G
Ensure: Policy summary P,Et)
1: Initialize local trajectory buffer By, < ()
2: for each task instruction x ~ D;. do

3:  Sample responses {y1,...,yq} ~ 7o, (- |
x)

4 Compute rewards r;, = R(x,y;), i =
1, oG

) r;—mean({r;})

50 Ai S, e

6:  Update 7y, via £%)(9) with KL reg.

7. for each trajectory 7; during training do

~(k k k k
w7 e ),1?2), 5.95")
9: By, « B U {%j }

10:  end for

11: end for

12: for each 7 € B, each action a; in 7 do

13: oy < (;ﬁ(at)

14: end for

15: Compute ppref = (@, fo, Ta, Ca) Yoo € Atype
16: Extract psuce = (0, fo, o, ko) from S5 M_q
17: for each action category a do

18:if fEb) S L psee ) then

19: Add « to failure patterns pe,j

20:  end if

21: end for

22: 7’;2” — (Ry, mks Ak, Pry dip)

23: return Serialize(Plgt))

A Algorithm Details

This appendix provides the detailed pseudocode for
the three core components of SemFed introduced in
the main text, together with the overall procedure
that integrates them into a unified federated training
loop. For readability, each algorithm is preceded by
a short description that clarifies its position in the
pipeline, its main steps, and the object it ultimately
produces.

A.1 Structured Semantic Policy Extraction

Algorithm 1 formalizes the client-side procedure
of SSPE. It interleaves group-relative policy opti-
mization with structured trajectory bookkeeping,
and converts raw action sequences into preference,
success and failure patterns through the unified ac-
tion standardization mapping ¢. The output is a

Algorithm 2 Cross-Client Semantic Knowledge
Aggregation

Require: Policy summaries {P,gt)} keut» Thresh-
olds 5shareda 5elite
Ensure: Global guidance G®*)
1: K |Z/{t 5
2: for each client k € U', each p € p;, do
32 K< P(p) = type(p) ® seq(actions(p))
4 Mlk] = M[x]U{(k,p)}
5: er(l(} for
t
6: Pshared — @
7
8
9

: for each k € M do
CH — {k : Eip € Pk, ’L/}(p)
if |C|/ Kt > dshared then

' (®) ®)
10: Pgshared — Pgshared U {H}

11:  endif
12: en(d) for
: _
13: Ryjopal ¢ K > op Ri
14: & {k Rk > Rglobal} pehte « 0
15: for each pattern p in elite clients £ do
16: ES(p) Y f;lite/(f;)lon—elite 4 6)
17:  if ES(p) > 5ehte then

) (t)
18: Pelite — pehte U {p}

19:  end if

20: end for

21 p e §

22: for each failure pattern p across all clients do
23:  Severity(p) < f;aﬂ - Kp

24: end for

25: Deduplicate, rank by severity — p
26: Calculate GO

27: return G®)

:,Az‘;}

(®)

anti

(t)

compact policy summary P, that serves as the
sole payload uploaded to the server in each com-
munication round.

A.2  Cross-Client Semantic Knowledge
Aggregation

Algorithm 2 describes the server-side aggregation
procedure of CSKA. The server first hashes indi-
vidual patterns into semantic equivalence classes,
and then distills three complementary categories of
global guidance, namely shared patterns that recur
across a majority of clients, elite patterns dispro-
portionately frequent among high-reward clients,
and severity-ranked anti-patterns associated with
frequent failures. The whole procedure operates
purely on structured semantic descriptors so that
no raw trajectories or model weights are ever ex-
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Algorithm 3 Knowledge-Guided Training Signal
Generation

Algorithm 4 Overall Procedure of SemFed Frame-
work

Require: Global guidance G, Local buffer By,
Policy mg,, Weights wg, we, w,, Bonuses
ATshared7 Arelite7 A anti

Ensure: Augmented training signals for local RL

1: {Prompt Augmentation}
2: Generate I(t) from pgl)ared’ p((ellei)te’ ps(;zti

3: for each step with observation o and history A

do

4wy alo.h) o, (a] [[D:0] 1)

5: end for

6: {Reward Shaping}

7: for each trajectory T € By do

8

9

R(7) < R(7)

for cach p € pgl)ared do
10: if 7 E p then
11: R(7) 4= Arghared
12: end if
13:  end for
14:  foreachp € pgi)te do
15: if 7 F p then
16: R(7) 4= Arle,lite
17: end if
18:  end for
19:  foreachp € pgﬁ do
20: if 7 E p then
21: R(7) += Arg"ti {penalty}
22: end if
23:  end for
24: end for

25: {Trajectory Relevance Scoring}
26: for each trajectory 7 € B, do
27:  Calculate Rel(r)

28: end for

29: return {R(7)}, {Rel(7)}, I®

changed.

A.3 Knowledge-Guided Training Signal
Generation

Algorithm 3 translates the global guidance G
broadcast from the server into concrete signals that
shape the next round of local reinforcement learn-
ing. The aggregated knowledge is injected through
three complementary channels, namely prompt aug-
mentation at the input side, reward shaping on
the trajectory return, and trajectory relevance scor-
ing over the local buffer. These channels jointly
bias optimization towards shared and elite patterns

Require: K  clients {Ci,...,Ck} with
datasets {Dy}, Mapping ¢, Hyperparams
(5shared7 5elitev A7 G7 T)

Ensure: Trained policies {mp, } 5,

1: Initialize g, and ngo) < 0 for all £

2: forroundt=1,2,...,7T do

3. Serverselects ' C {C,...,Ck}

4: ift > 1 then

5 Broadcast G to Ut

6: end if

7. for each C}, € U! in parallel do
8
9

if ¢ > 1 then
Algorithm 3: generate signals from
gt-1)
10: end if
11:  Algorithm 1: local GRPO — P")
12: Upload Serialize(Plgt)) to server
13:  end for

14:  Algorithm 2: aggregate — G()
15: end for
16: return {my, }5

while explicitly penalizing trajectories that match
anti-patterns.

A.4 Opverall Procedure

Algorithm 4 integrates SSPE, CSKA and KTSG
into the end-to-end SemPFed training loop. Each
round alternates between server-side broadcasting
of the previous global guidance, client-side guided
GRPO that produces local policy summaries, and
server-side semantic aggregation that yields the
next-round guidance. The loop is iterated for T’
communication rounds and returns the final set of
personalized per-client policies.

A.5 Semantic Processing Implementation

SemFed uses deterministic benchmark-specific
parsers to map free-form actions into predefined
canonical action vocabularies, with unmatched ac-
tions assigned to an other category. Pattern con-
fidence is computed from the relative occurrence
of each pattern in successful and failed trajecto-
ries. After canonicalization, patterns are grouped
by pattern type and ordered action sequence, and
their frequency, reward, and confidence statistics
are aggregated within each group.

Multi-action strategies are matched only when
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Table 10: Detailed experimental protocol.

Table 11: Ablation on pattern-key construction.

Configuration ALFWorld WebShop
Environment Text-only v0.3  Official simulator
Training instructions 1,200 8,000
Validation instructions 200 500
Held-out test instructions 300 1,000
Evaluation episodes / seed 300 1,000
Maximum interaction steps 50 30
Client-task allocation Dirichlet 0.5 Dirichlet 0.5
Rollouts / instruction 4 4

Local epochs / round 1 1
Training rounds 70 70
Random seeds 42,123, 2026 42,123, 2026
Checkpoint Best validation ~ Best validation

the corresponding ordered sequence occurs contigu-
ously in a trajectory, whereas single-action prefer-
ences and anti-patterns are matched according to
the relevant action and state condition. The server
selects the highest-ranked shared, elite, and fail-
ure patterns to construct the guidance prompt, with
anti-pattern constraints taking priority when con-
flicting recommendations occur.

B Experimental Configuration Details

This section reports the default hyperparameters
and hardware environment used throughout the
main experiments. Unless explicitly varied in an
ablation, all studies in the main text follow the
configuration described below.

B.1 Federated Protocol

We instantiate a federation of K=100 clients and
uniformly sample M =2 clients per communica-
tion round. Training proceeds for 7=70 rounds
in total. Task heterogeneity across clients is con-
trolled by a Dirichlet distribution with concen-
tration parameter 7=0.5, which corresponds to a
moderately skewed non-IID setting; the IID and
strongly-heterogeneous regimes (7€{1.0,0.1}) are
only used in the robustness analysis.

Table 10 summarizes the detailed dataset splits
and training/evaluation protocol used for ALF-
World and WebShop.

B.2 Local Optimization

The default LLM backbone is Qwen2.5-1.5B-
Instruct, with additional results reported on
Qwen2.5-3B/7B-Instruct and Llama-3.2-3B-
Instruct. All backbones are fine-tuned with LoRA
at rank =32 and scaling factor a=64, attached
to the query and value projections. Local policy
optimization uses GRPO with group size G=8,

Pattern Key ALFWorld SR WebShop Score  WebShop SR
sort(actions) 65.940.9 84.3+0.8 62.7+0.9
seq(actions) 67.3+£0.8 85.7+£0.7 64.8+£0.8

Table 12: Sensitivity to semantic-pattern selection
thresholds.

Setting Oshareda  Elite Thres. A ALFWorld SR WebShop SR
Conservative 0.6 2.0 2.0 66.540.9 64.040.9
Default 0.5 1.5 1.5 67.3+£0.8 64.8+0.8
Permissive 0.3 12 1.2 65.841.0 63.6+1.0

KL regularization weight 5=0.04, and clipping
threshold €=0.2. The learning rate is fixed at
1x107° with a cosine schedule, the per-client
batch size is 16, the maximum response length is
512 tokens, and each round performs one local
epoch over the sampled task instructions.

B.3 Hyperparameters

For SSPE, the failure-pattern threshold is A=1.5,
meaning that an action category is reported as a
failure pattern when its failure frequency exceeds
1.5 its success frequency. For CSKA, the shared-
pattern frequency threshold is Jdgpareq=0.5 and
the elite-pattern enrichment threshold is dgjjte=1.5.
For KTSG, the relevance weights are set to ws=1.0,
we=1.2 and w,=0.8, and the reward-shaping
bonuses are Arstared—_40 1 Arelite—40.2 and
Ar®i—_0.15. These values are kept fixed across
all backbones and benchmarks unless otherwise
specified.

B.4 Ablation

We examine whether preserving temporal action
order is necessary when constructing semantic pat-
tern keys. As shown in Table 11, replacing the set-
based key sort(actions) with the order-preserving
seq(actions) improves performance consistently
on both benchmarks.

B.5 Threshold Sensitivity

We further evaluate the sensitivity of SemFed to the
thresholds used for shared-pattern selection, elite-
pattern identification, and failure-pattern detection.
As shown in Table 12, the default configuration
achieves the best performance on both benchmarks.

B.6 Hardware and Software Environment

Experiments run on a workstation equipped with an
Intel Core Ultra 7 265K CPU, 96 GB of RAM and
an NVIDIA RTX PRO 6000 GPU (96GB), under

24307



Table 13: Paired bootstrap significance tests between

SemFed and FedAgent.

A denotes SemFed minus

FedAgent.

Backbone Metric A 95% CI p

Qwen2.5-1.5B  ALFWorld AIlSR  +3.2  [1.1,5.3] 0.004
Qwen2.5-1.5B  WebShop Score +2.5 [0.8,4.2] 0.006
Qwen2.5-1.5B  WebShop SR +3.1 [1.0,5.2] 0.005
Qwen2.5-3B ALFWorld AIl SR +3.6 [1.4,5.8] 0.003
Qwen2.5-7B ALFWorld AII SR +2.9 [1.0,4.8] 0.005
Llama-3.2-3B° ALFWorld AIlSR  +3.4 [1.2,5.6] 0.004

Ubuntu 22.04 LTS. The implementation is built on
PyTorch with the HuggingFace Transformers and
PEFT libraries, while ALFWorld and WebShop are
instantiated through their official Python interfaces.

C Statistical Significance

We conduct paired bootstrap evaluation over the
same held-out episodes using 10,000 bootstrap sam-
ples. As shown in Table 13, SemFed consistently
achieves statistically significant improvements over
FedAgent across all evaluated backbones and met-
rics, with all confidence intervals remaining above
zero and p < 0.01.
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