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Abstract

Enhancing LLM reasoning in federated set-
tings is nontrivial due to stringent computa-
tional, communication, and privacy constraints,
especially in healthcare, where clinically con-
sequential decisions require not only accuracy
but also interpretable, auditable rationales to
meet safety, accountability, and regulatory re-
quirements. Conventional federated fine-tuning
largely imitates final answers rather than cul-
tivating step-by-step reasoning, often relying
on privacy-sensitive centralized distillation and
still incurring substantial communication over-
head. We address this gap with FedCoT, a
federated reasoning framework that combines
lightweight chain-of-thought resampling with a
compact discriminator for selection, and client-
aware LoRA stacking with weighted classi-
fier aggregation to accommodate heterogeneity
while reducing aggregation noise and commu-
nication; clients generate candidate chains and
supervision locally, and only lightweight mod-
ules are aggregated on the server. Experiments
on medical reasoning benchmarks show consis-
tent gains under tight resource budgets while
keeping data local and respecting privacy, of-
fering an interpretable and resource-efficient
solution. Our code is made publicly available
at https://github.com/DIaacKr/FedCoT

1 Introduction

The development of large language models (LLMs)
achieve advancing performance in complex rea-
soning tasks (Touvron et al., 2023; Bai et al.,
2023; Guo et al., 2025a; Team et al., 2025; Chen
et al., 2024b), which improves both the effec-
tiveness and explainability based on the thought
chains (Wei et al., 2022). The promising perfor-
mance is largely attributed to the reinforcement
learning (RL) algorithms (Christiano et al., 2017;
Schulman et al., 2017; Shao et al., 2024; Zhou et al.,
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2025). However, the training paradigms of RL for
reasoning models rely heavily on computational
resources (Tian et al., 2023; Havrilla et al., 2024),
which render them impractical for distributed edge
environments, especially under the privacy con-
straint, e.g., the training data cannot be directly
shared across different institutions in medical sce-
narios (Chen et al., 2023).

Training-free techniques (Wang et al., 2022; Xie
et al., 2023; Wu et al., 2024) with prompting engi-
neering or test-time scaling can alleviate the issues
of distributing the data and model during the train-
ing phase. Although they are easy to deploy, their
performance gains are quite limited and cannot
fully leverage the collaborative potential of dis-
tributed device networks. Intuitively, federated
learning (FL) (McMahan et al., 2017) serves as
an alternative for achieving a better trade-off be-
tween privacy preservation guarantee and model
performance. However, existing FL-based LLMs
training paradigms (Wu et al., 2025; Wei et al.,
2025; Zhang et al., 2024a) predominantly rely on
federated supervised fine-tuning or simply incor-
porate parameter-efficient techniques, which still
encounter high communication overhead and thus
yield suboptimal performance gains.

Reasoning with Chain-of-Thought (CoT) is in-
dispensable in medical domains. For example, the
decision for clients should be not only accurate
but also reliable with traceable rationales. In ad-
dition, these privacy-sensitive scenarios demand
more strict data and model usage to prevent sensi-
tive information leakage. However, existing stud-
ies (Magister et al., 2022; Li et al., 2022; Wang
et al., 2023; Chen et al., 2024d) usually obtain the
data and rationales by distilling knowledge from
proprietary models or direct sharing among differ-
ent sources, which might expose sensitive informa-
tion and violate data privacy principles.

To facilitate reasoning-based LL.Ms training un-
der a privacy-preserving setting without sharing the
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whole model in distributed nodes, we propose Fed-
CoT, a federated learning based framework to en-
hance the model’s reasoning capacity under CoT
prompting without data leakage. The core of our
FedCoT is a dynamic chain-of-thought discrimi-
nation mechanism to enable cross-client reasoning
enhancement. Specifically, a lightweight discrim-
inator is deployed to evaluate reasoning path can-
didates in real-time, which enables the discrimi-
nation of optimized reasoning trajectories. Build-
ing upon the FLoRA algorithm’s principal mech-
anism of modular LoRA stacking for federated
fine-tuning (Wang et al., 2024b), we incorporate a
task-specific encoder-based discriminator (Devlin
et al., 2019) dedicated to reasoning path discrimi-
nation. To aggregate classifier parameters across
clients, we employ a weighted aggregation scheme,
thereby integrating discriminative knowledge un-
der client heterogeneity. By keeping raw data local
and exchanging only lightweight discriminator up-
dates, FedCoT supports data-local federated reason-
ing while maintaining robust performance under
heterogeneous, privacy-sensitive settings. Exper-
iments on five biomedical QA benchmarks show
that FedCoT achieves the highest average accuracy
among the evaluated methods for both backbone
LLMs, while substantially reducing communica-
tion overhead relative to federated SFT baselines.

Our contributions are summarized as follows:

¢ To the best of our knowledge, we are the first
to employ CoT resampling in federated learn-
ing settings to enhance the reasoning capabili-
ties of large language models.

* We propose an end-to-end federated reason-
ing enhancement framework that integrates
dynamic reasoning path discrimination. Fed-
CoT extends modular stacking to BERT-
based discriminators with a weighted aggre-
gation scheme, effectively handling client het-
erogeneity while maintaining robust perfor-
mance.

* We conduct comprehensive experiments
across multiple medical QA benchmarks. The
results demonstrate that FedCoT significantly
enhances reasoning performance and effi-
ciency compared to strong baselines, robustly
validating the effectiveness of our federated
reasoning enhancement framework.

2 Related Works

Reasoning Enhancement for Large Language
Models CoT prompting, proposed by Wei et al.
(2022), acts as an effective mechanism to augment
LLMs’ reasoning ability with provided instructions,
which has spawned numerous training-free vari-
ants (Wang et al., 2022; Chen et al., 2024c; Li
et al., 2025; Nair and Wang, 2024; Wan et al.,
2024; Guo et al., 2025b). The follow-up stud-
ies integrate CoT with parameter updates by us-
ing CoT-generated rationales for model supervised
fine-tuning (Kim et al., 2023; Magister et al.,
2022; Li et al., 2022; Wang et al., 2023; Hsieh
et al., 2023), or training with reinforcement learn-
ing (Team et al., 2025; Shao et al., 2024). However,
the assumption of these methods is centralized data
access, which neglects privacy constraints and com-
putational burdens of generating rationales for fed-
erated clients (McMahan et al., 2017), and thus
offering no tailored mechanism for CoT capabil-
ity enhancement under distributed settings (Zhang
et al., 2024b; Dritsas and Trigka, 2025; Wang et al.,
2024a; Li et al., 2019). To this end, our method
utilizes the information of distributed clients to
enhance the CoT reasoning ability while strictly
ensuring privacy and low resource consumption.

Federated Learning for Large Language Mod-
els FL is one of the key solutions for LLMs train-
ing under privacy-preserving settings (Wei et al.,
2025; Wu et al., 2025; Chen et al., 2022; Wu
et al., 2020; Tariq et al., 2023, 2024; Ye et al.,
2023; Qian et al., 2024).The gradients and data
aggregation during the training phase result in
the communication-efficient needs and are usu-
ally achieved by parameter-efficient tuning. For
example, low-rank adaptation (LoRA) techniques
(Zhang et al., 2024a) and matrix factorization meth-
ods (Wang et al., 2024b) enable efficient aggre-
gation under heterogeneity. Besides, knowledge
distillation (Fan et al., 2024) and federated RL
(Tian et al., 2023) provide other alternatives as
optimization pathways. However, existing FL-
LLM studies neither explicitly enhance CoT rea-
soning capabilities nor mitigate the privacy risks
inherent in distilling rationales from centralized
teacher models (Havrilla et al., 2024; Li et al.,
2022). In addition, federated RL-based approaches
incur prohibitive computational and communica-
tion overhead for resource-constrained clients (Qi
et al.,, 2021; Krouka et al., 2021; Imteaj et al.,
2022). Thus, previous studies remain a critical
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gap for developing lightweight, privacy-preserving
frameworks tailored to federated CoT enhance-
ment, which our studies provide the exploration.

3 Preliminaries

3.1 Chain-of-Thought Prompting

Chain-of-Thought (CoT) prompting (Wei et al.,
2022) enhances complex reasoning by generating
intermediate reasoning paths 7 between input x and
output y as guidance and explanation. Formally,
given a model parameterized by ¢ and prompt I,
the CoT generation process is defined as:

[T, y] ~ py(T,ylz, I)

Although CoT is effective in a range of scenarios,
utilizing it in distributed settings alone cannot per-
form well without leveraging collaborative devices
for specific training.

3.2 LoRA Federated Aggregation

Low-Rank Adaptation (LoRA) (Hu et al., 2022;
Mao et al., 2024) enables efficient fine-tuning via
parameters metric decomposition AW = BA
(A e R™*" B ¢ R™*"), Standard federated learn-
ing conducts client model updates by averaging
aggregation as

N N

where IV denotes the number of clients, u; denotes
the weight of the client derived from the data vol-
ume ratio. This aggregation schema introduces
cross-client noise terms as
AW = (UOBO + ulBl)(quo + U1A1)
= U(Z)B()AQ + U%BlAl
+ uopuq (BQAl + B]_AQ)

noise term

2

However, the global updates would be deviated
as the noise term grows quadratically with local
clients. Besides, it would result in a dimension mis-
match between heterogeneous ranks, i.e., vy # 7o,
leading to parameter updating with average fails.

4 Methodology

We propose FedCoT, a federated learning-based
framework to enhance the reasoning capability of
LLMs under privacy constraints. The overview
of FedCoT is presented in Figure 1 with dynamic

path selection and parameter-efficient aggregation.
With the candidate reasoning paths generated lo-
cally by client LLM, the signals derived from these
paths supervise the training of lightweight discrim-
inators, whose LoRA modules and classifier are
then aggregated within the server-side to construct
a global discriminator. This federated model sub-
sequently enables clients to dynamically select op-
timal reasoning traces during inference, yielding
privacy-preserving, CoT-enhanced answers.

4.1 Local Candidates Generation

Under the federated learning framework, each
client should first generate candidate reasoning
paths based on the questions of their associated lo-
cal datasets {x;, y;}, which then serve as the basis
for the subsequent discriminator training. Formally,
K candidate reasoning paths are generated by di-
versity sampling of an LLM py,, which can also
be analogously regarded as the actor model in a
reinforcement-learning scenario, corresponding to
the input z; as:

(Tj,kvigj,k) ~ pw(7—7g ‘ J,‘],I)

where each candidate answer ) 1, is assigned a
binary correctness label by comparing it with the
local ground-truth answer y;, as defined in Eq. 3.
The resulting binary-labeled candidate set is con-
structed as Eq. 4.

Zjk = 1(.7;j,k :yj), k= 1,2,...,K (3)
DY = {(Wyk, zj0) | Dy = [ || 7 || 956])
“)
To ensure high-quality supervision, we introduce
a contrastive candidate selection mechanism to re-
fine the dataset DP™. We first discard queries with
unanimously correct or incorrect paths, as they lack
discriminative signals. For the remainder, we dy-
namically sample a balanced subset of positive and
negative candidates, explicitly ensuring diverse er-
ror types (i.e., reasoning errors vs. missing an-
swers) are represented.

4.2 Local Training for Candidates
Discrimination

Following Shi et al. (2024), we formulate
reasoning-path discrimination as a binary classi-
fication task, where a lightweight encoder-based
discriminator evaluates candidate correctness.

In our FedCoT framework, clients initialize their
local models from one of the following choices:
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Figure 1: Overview of FedCoT framework. Left: The data preparation for training the discriminator. Middle: The
federated fine-tuning of discriminator without the participation of local LLM which is only used in data preparation.
Right: The Optimal Discrimination at test time. “Down Proj.” corresponds to the A matrix in LoRA, and “Up Proj.”
corresponds to the B matrix. “CLS" here denotes the classifier module of discriminator.

the server-provided global modules (for non-initial
rounds) or a base pre-trained model locally (for
the first round). During each global communica-
tion round, clients receive and initialize the model
with the latest aggregated parameters, comprising
both the LoRA matrices and classifier that encap-
sulate information from the entire federation while
preventing the model drift from local domains.
Instead of relying on harsh binary labels like
(Shi et al., 2024), we design a soft label to evaluate
the logical consistency between the reasoning path
;% and the predicted answer ¢; ;. We compute
the entailment probability p?f}faﬂ € [0,1] as NLI
task (Natural Language Inference). The continuous
soft label s; j is formulated as a combination of the
outcome correctness and the reasoning validity:

entail

sje=(1—a) - Lgjr=y;) + o pix™ )
where a = 0.5 is a balancing coefficient. This
continuous label assigns partial credit to flawed
answers with rigorous reasoning, while penalizing
correct guesses lacking logical support.

Given a candidate feature h; ;, the discriminator
produces a probability score

dg(hjr) = o(fs(hjx)) € (0,1),

where f4(-) denotes the discriminator logit. The
discriminator is optimized using the binary cross-
entropy loss with the soft target s; :
L=— [Sch log d¢(hj,k)+
(1 = sjk)log(1l — dg(hy))]

The discrimination dataset is constructed as:

(6)

D ={(hyk, sjk) | hjr = [z [ Tk || G5kl} (7)

4.3 Modular Global Aggregation

We adopt and integrate FLoRA (Wang et al., 2024b)
to achieve noise-free aggregation of LoORA matrix
with protecting data privacy. When aggregating
local LoRA modules, the global model update AW
can be expressed as

N
AW:ZBiAi
=1 (8)
=B1®By@---®By)
(A1 DA D D Ay)

where “@” represents the matrix stacking opera-
tion, i.e., stacking them vertically along the row
direction for A; and stacking horizontally along
the column direction for B;, respectively. With the
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principle of block matrix multiplication, the prod-
uct of these two global produced matrices, B - A,
is mathematically equivalent to the sum of the indi-
vidual local updates, >-~ | B;A,.

This approach makes the globally aggregated
discriminator more reliable and adaptable to het-
erogeneity, which arises from varying client capa-
bilities (e.g., weaker clients using smaller LoORA
ranks, stronger ones using larger ranks). We can
also intentionally create heterogeneity by assign-
ing smaller ranks to simpler tasks and larger ranks
to complex ones. Regardless of the source, the
stacking method integrates these diverse LoORA ma-
trices through unified merging, ensuring smooth
federated learning.

Besides, the classifier weights of each client are
aggregated using a weighted average approach at
each global round, to integrate information across
downstream tasks as

N
Wcls _ Z uiwlgls (9)

4.4 Optimal Discrimination

During the inference stage, each client utilizes the
final global discriminator model to score the multi-
ple candidate reasoning paths and then selects the
one with the highest score as the final output to
achieve dynamic reasoning as:

r(hjx) = dg(hj ). (10)
k:j* = arg keglﬁi(K} r(hjk), 1D
Yi = Uk (12)

The comprehensive process is described as an
Algorithm provided in the Appendix A as the over-
all process of federated reasoning in our FedCoT.

5 Experiments

5.1 Experimental Setup

Datasets We evaluate our method on five biomed-
ical Question-Answering (QA) datasets served as
privacy-preserving benchmarks following previ-
ous studies (Chen et al., 2024b; Song and Lee,
2025; Chen, 2024; Zhang et al., 2023), including
BioASQ(Tsatsaronis et al., 2015), MedMCQA (Pal
et al., 2022), MedQA(Jin et al., 2021), MMLU-
MED(Hendrycks et al., 2020), and PubMedQA(Jin
et al., 2019). The statistics are provided in Table 1.

Datasets Train  Test Source
PubMedQA (2019) 450 500 Experts
BioASQ (2015) 494 124 Articles
MMLU (2020) 1299 163 Examination
MedMCQA (2022) 3000 4183 Examination
MedQA (2021) 10178 1273 Examination

Table 1: The size and source of the medical QA datasets
used in the experiment.

These datasets span diverse task categories, ranging
from medical examination questions to literature-
based QA, enabling us to evaluate the models’ per-
formance across complex reasoning tasks compre-
hensively. The detailed information is provided in
Appendix G.

Cross-silos Setting The five datasets are treated
as independent clients, and raw client data remain
local throughout training. This cross-silo setting re-
flects the model’s reasoning capability on different
tasks and verifies its robustness under data distri-
bution heterogeneity, which aligns with the data
islands (Huang et al., 2021, 2023; Tang and Wong,
2021; Liu et al., 2022) in the real-world setting.

Prompt Templates Our CoT template follows
a standardized and structured format with explicit
itemized requirements. We also incorporate a one-
shot CoT demonstration in the template, where the
completed information is provided in Appendix H.

Hyperparameter Settings We generate 8 can-
didate responses for each query sample with a
maximum length of 512 tokens. The LoRA ranks
for each client model in BioASQ, MedMCQA,
MedQA, MMLU, and PubMedQA datasets are set
as 4, 32, 32, 16, and 4, respectively. During super-
vised fine-tuning of the federated LLMs, a uniform
LoRA with a rank of 32 was used for model train-
ing. The global round is set to 2, and the local
training epoch is set to 1 with a batch size of 2 in
SFT of LLMs as baselines. The global round is set
to 3, and the local training epoch is set to 1 with a
batch size of 16 in our discriminator training.

Baselines and Evaluation Metrics Our exper-
iments utilize different models for evaluation, in-
cluding Qwen2.5-7B-Instruct (Bai et al., 2023),
LLaMA-3-8B-Instruct (Touvron et al., 2023),
as core LLMs for main evaluation, and the
Longformer-base-4096 (Beltagy et al., 2020) as
discriminator model, following Shi et al. (2024).
We compare with both the training-free and
training-based baselines under both federated and
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Method BioASQ MedMCQA MedQA MMLU PubMedQA Avg.
etho

Acc. (%) A%) Acc. (%) A(%) Acc. (%) A%) Acc. (%) A(%) Acc. (%) A(%) Acc. (%) A(%)
LLaMA-3-8B-Instruct  37.90 — 2980  — 2720 — 3870  — 9.20 — 2856 @ —
+Self-Consistency ~ 40.30  +2.40 3150 +1.70 2470  -250 41.10 4240 280  -640 28.08  -0.48
+FedIT 4274 +4.84 4729 41749 5373 42653 7117  +3247 1320 +4.00 4563 +17.07
+FedFFA-LoRA 2500 -12.90 3947 +49.67 37.78 +10.58 57.67 +18.97 460  -4.60 3290 +4.34
+FLORA 3710 -0.80 4205 +1225 4556 +1836 6196 42326 7.00  -220 3873 +10.17
+FedPrompt 5242  +14.52 4580 +16.00 4996 +22.76 4294  +424 3940 +3020 46.10 +17.54
+FedCoT (Ours) 6850 +30.60 4520 +1540 5410 +2690 68.70 +30.00 41.00 +31.80 5550 +26.94
Qwen2.5-7B-Instruct 7340  — 4370 — 2950 — 5030 — 3880 — 4714  —
+Self-Consistency ~ 86.30  +12.90 47.10 +3.40 28.00 -1.50 57.10 +6.80 39.80 +1.00 51.66  +4.52
+FedIT 8226  +8.86 4848  +4.78 4430 +14.80 6871 +1841 4720 +840 58.19 +11.05
+FedFFA-LoRA 8548 +12.08 4874  +5.04 4493 +1543 7055 42025 53.00 +1420 60.54 +13.40
+FLORA 83.87 +1047 5130 +7.60 45.88 +16.38 73.62 +23.32 5740 +18.60 62.41 +15.27
+FedPrompt 66.13 =727 4662 4292 4423 +1473 6871 +1841 5040 +11.60 5522  +8.08
+FedCoT (Ours) 96.00 +22.60 5170 +8.00 5340 +23.90 7420 +23.90 68.20 +29.40 6870 +21.56

Table 2: Performance of different methods across five privacy-preserving medical datasets on top of two backbone
LLMs under different settings. The best results are in Bold and the second-highest results are indicated with an

underline.

non-federated scenarios to evaluate our FedCoT
as follows: We evaluate FedCoT against a di-
verse set of strong baselines, including Self-
Consistency (Wang et al., 2022) as a training-
free inference strategy via diverse sampling and
majority voting. For federated learning base-
lines, we compare with FedIT (Zhang et al.,
2024a) utilizing weighted averaging, FedFFA-
LoRA (Sun et al., 2024) for parameter-efficient
tuning, FLORA (Wang et al., 2024b) designed for
heterogeneous LoRA rank adaptations, and Fed-
Prompt (Zhao et al., 2023) for communication-
efficient prompt tuning. Accuracy is adopted as the
primary evaluation metric to be consistent with pre-
vious studies (Chen et al., 2024b). All evaluations
measure accuracy under CoT prompting, which not
only quantifies performance but also aligns with
real-world medical demands for interpretability and
response safety via inherent step-by-step reasoning.

5.2 Main Results

Overall Performance The overall results are pre-
sented in Table 2. FedCoT achieves the highest
average accuracy among the evaluated methods
on both backbone LLLMs, demonstrating the over-
all effectiveness of our framework across diverse
biomedical QA tasks.

Specifically, FedCoT achieves substantial av-
erage absolute improvements of 26.94% and
21.56% over the base LLaMA-3-8B-Instruct and
Qwen2.5-7B-Instruct models with CoT prompt-
ing. Furthermore, our framework achieves the
strongest average performance among the evalu-

LLaMA-3-8B-Instruct Qwen2.5-7B-Instruct

@
3

130.0

96.2

(=3
=]

w
=]

233 17.8

(=]

Communication Overhead (M)

S o 5
£ &

Figure 2: Analysis of communication efficiency in fed-
erated SFT and our FedCoT. “SFT" represents FedIT,
“Homo" represents FedCoT with lora rank of 32, “Heter"
represents FedCoT with lora rank of 4, 32, 32, 16, 4.

ated federated baselines by surpassing the strongest
advanced federated fine-tuning baselines, outper-
forming FedPrompt by 9.40% on LLaMA-3 and
FLORA by 6.29% on Qwen2.5.

While other parameter-efficient federated meth-
ods (e.g., FedIT, FedFFA-LoRA, and FLORA)
yield moderate gains over the base models, they
struggle to generalize evenly across diverse med-
ical reasoning tasks. In contrast, FedCoT demon-
strates robust improvements across highly varied
domains, from specialized literature (BioASQ, Pub-
MedQA) to comprehensive clinical examinations
(MedQA, MedMCQA). These results suggest that
dynamic reasoning-path discrimination provides a
strong alternative to generic federated fine-tuning
under the evaluated cross-silo setting.

Efficiency Comparison The efficiency com-
parison is shown in Figure 2, which compares
the communication efficiency between federated
SFT methods (FedIT) and our FedCoT. Dur-
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Method BioASQ MedMCQA MedQA MMLU PubMedQA Avg.
Best-of-N (Logits-based) 40.32 27.76 26.24 38.04 5.60 27.59
Best-of-N (Qwen3-0.6B-Reranker) 49.20 26.50 29.60 36.20 12.40 30.78
FedCoT (Local) 57.30 42.60 40.80 56.40 29.20 45.26
FedCoT (Qwen3-0.6B-Base) 50.00 43.70 37.00 49.70 13.20 38.72
FedCoT (ours) 68.50 45.20 54.10 68.70 41.00 55.50

Table 3: Performance of different filtering method on 8 candidates. FedCoT (ours) denotes the full federated
framework. FedCoT (Local) represents models trained only on individual client datasets. FedCoT (Qwen3-0.6B-
Base) replaces the default discriminator with a generative backbone. All results are accuracy (%).

Method BioASQ MedMCQA MedQA MMLU PubMedQA Avg.(%)
CoT 37.90 29.80 27.20 38.70 9.20 28.56
FedCoT (r=4,4,4,4,4) 67.70 44.50 52.60 65.00 40.80 54.12
FedCoT (1=8,8,8,8,8) 68.50 45.40 53.40 65.60 41.00 54.78
FedCoT (r=16,16,16,16,16)  69.40 45.00 54.30 65.60 41.00 55.06
FedCoT (r=32,32,32,32,32)  66.10 45.70 54.00 66.30 41.00 54.62
FedCoT (1=4,32,32,16,4) 68.50 45.20 54.10 68.70 41.00 55.50

Table 4: The different performances of FedCoT under different LoORA configurations. “r" represents the LoORA
rank of different clients, corresponding to the clients of the datasets BioASQ, MedMCQA, MedQA, MMLU, and

PubMedQA in sequence. The best results are in Bold.

ing the federated learning process, the Feder-
ated SFT method performs LoRA fine-tuning
on the LLM actor LLaMA-3-8B-Instruct and
Qwen2.5-7B-Instruct. Here, the values 130M
and 96M refer to the total number of parameters
that need to be transmitted across all clients in
the federated system during one global round of
training. However, even with LoRA fine-tuning,
such a volume of parameters still incurs large com-
putational and communication overheads for low-
resource clients and the whole federated learning
system. In contrast, our FedCoT greatly reduces
the training and communication overheads by fine-
tuning a lightweight model. Thus, the parameter
quantity of FedCoT during the federated learning
process only accounts for 25.3M and 17.8M, which
is much more efficient than the compared existing
SFT methods, demonstrating its efficiency in low-
resource environments.

5.3 Ablation Study

Candidate Processing To evaluate our data pro-
cessing components, we conducted ablation stud-
ies by independently removing Candidate Selec-
tion and Soft Labeling (Table 5). Results show
that omitting Selection introduces uninformative,
imbalanced samples that degrade the discrimina-

tor’s decision boundaries. Similarly, replacing Soft
Labeling with binary labels fails to distinguish be-
tween rigorous reasoning and “lucky guesses.” The
full FedCoT framework achieves the highest aver-
age accuracy, particularly on the MMLU dataset,
confirming that refined, smoothed supervision is
essential for complex multi-disciplinary reasoning.

Selection Strategies Table 3 compares the filter-
ing performance of our proposed FedCoT against
various reward modeling strategies. FedCoT con-
sistently achieves the highest accuracy (55.50% on
average), outperforming both the vanilla Logits-
based baseline and specialized reranking models
like Qwen3-0.6B-Reranker. Notably, our encoder-
based federated approach surpasses its local coun-
terpart, demonstrating the necessity of cross-client
knowledge aggregation. Furthermore, although
larger generative backbones (e.g., Qwen3-0.6B) or
SOTA open-source reward models (detailed in Ap-
pendix D) were tested, they failed to match our
performance. This highlights that in low-resource
scenarios, evaluating the complex deep semantics
of small models may be less effective than assess-
ing their relatively shallow semantics.

2592



Method BioASQ MedMCQA MedQA MMLU PubMedQA Avg.
Acc. (%) Size Acc. (%) Size Acc. (%) Size Acc. (%) Size Acc. (%) Size Acc. (%)

FedCoT (Full) 68.50 364 45.20 1420 54.10 7278 68.70 915 41.00 205 55.50

w/o Candidate Selection 69.40 494 44.90 2000 53.70 10178 62.90 1299 41.00 450 54.38

w/o Soft Labeling 67.70 364 45.10 1420 54.50 7278 60.30 915 41.00 205 53.72

w/o CS & SL 65.30 494 45.20 2000 56.10 10178 54.00 1299 41.00 450 52.32

Table 5: Ablation study of FedCoT components. “Size” denotes the number of candidate paths retained for local

discriminator training.

5.4 Analysis of Heterogeneous LoRA
Configurations

—e— Accuracy
—A— Other Clients Avg. (Fixed r=8)
70 Comm. Cost

68.10%

66.90% o
65.60% 66.30%

65 63.80% 4.72

2.95

Accuracy (%)
>
3
o
g

Communication Cost (M)

45 0

Client LoRA Rank

Figure 3: Impact of varying the MMLU client’s LoRA
rank on local accuracy, communication cost, and the
average performance of other fixed-rank clients (r = 8).

In real-world medical federated networks, clients
often face extreme heterogeneity not only in local
computational budgets and network bandwidths
but also in the intrinsic complexity of their respec-
tive clinical tasks. Forcing a homogeneous LoRA
rank across all clients is suboptimal, which wastes
communication bandwidth and risks overfitting on
simpler tasks, while creating severe capacity bot-
tlenecks for complex medical reasoning tasks.

To evaluate performance under heterogeneous
rank configurations, we conduct a controlled stress
test (Figure 3). We fix the LoRA rank of four
clients at » = 8 while drastically varying the rank
of the MMLU client from 7 = 2 to r = 32. As the
results illustrate, reducing the MMLU rank from 16
down to 2 substantiallycuts its local communication
cost from 3.54M to 2.51M parameters per round.
Despite this aggressive downscaling, the client suf-
fers only a smooth, acceptable degradation in ac-
curacy from 68.10% to 63.80%. More importantly,
throughout this compression phase, the average per-
formance of the other four clients remains remark-
ably stable at approximately 52.10%. This stability
empirically proves that the adopted modular stack-
ing mechanism effectively isolates local capability
bottlenecks, preventing severe low-rank truncation

noise from poisoning the global aggregated knowl-
edge. Conversely, naively amplifying the MMLU
rank to 32 maximizes the communication burden
(4.72M) but triggers a counterintuitive overfitting
penalty. Rather than improving reasoning capabili-
ties, this over-parameterization not only degrades
MMLU’s local accuracy to 66.30% but also inad-
vertently drags down the average performance of
the remaining network to 51.68%.

Guided by these systemic insights, a practical
federated framework must flexibly accommodate
heterogeneous ranks to adapt to diverse real-world
conditions, such as varying computational budgets
and task complexities. Enforcing a uniform rank
across all clients inevitably forces a rigid compro-
mise between communication efficiency and local
model capacity. As shown in Table 4, by allowing
clients to independently operate with varied ranks
(e.g., € {4,16,32}) tailored to their specific lo-
cal constraints, FedCoT integrates these asymmet-
ric updates. Remarkably, this flexible heteroge-
neous configuration eliminates the unrealistic need
for strict system-wide uniformity. This demon-
strates that FedCoT elegantly adapts to diverse and
constrained client environments while maximizing
global reasoning stability.

6 Conclusion

We present FedCoT, a communication-efficient fed-
erated framework for reasoning enhancement. Fed-
CoT keeps raw data and actor LLMs local, gener-
ates candidate reasoning paths on each client, and
trains a lightweight encoder-based discriminator to
identify candidates that are more likely to be logi-
cally supported. By combining heterogeneous-rank
LoRA adaptation and server-side aggregation of
lightweight discriminator modules, the framework
enables cross-client knowledge sharing without
transmitting full actor-model parameters. Empiri-
cally, across various benchmarks, FedCoT consis-
tently outperformed federated SFT baselines while
reducing communication costs.
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Limitations and Future Work

This study is constrained by available compute and
deployment resources: we evaluate FedCoT mainly
in cross-silo biomedical QA with moderate client
scales and model sizes, rather than in broader or
more demanding settings (e.g., large-scale or cross-
device deployments). In addition, our discriminator
effectively selects high-quality reasoning paths but
does not provide a fully granular, process-level
assessment; incorporating step-wise evaluation and
supervision is left for future work.

Ethics Statements

Our framework preserves data locality and shares
only aggregated updates. Real-world deployment
should incorporate differential privacy and regula-
tory compliance. This is a research prototype and
not a clinical decision tool; any medical application
requires rigorous validation and professional over-
sight. All experiments use publicly available data
following their usage agreements, and no patient
privacy or personal information is used throughout
this process.
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A Algorithm

Here, we present the pseudo-code of the entire
FedCoT method, see Algorithm 1:

Algorithm 1: FedCoT Algorithm
Input: Total rounds 7'; Local training
epochs E; Client datasets {D;} Y ;
Actor LLM p,;; Pretrained
discriminator dy; Number of
candidates K
fort =1to T do

foreach client i do
Receive last aggregated adapter

Wil (AL B WEs)
LocalUpdates(i, W'=1);
end
Aggregate LORA modules and classifier
using Equation 8, 9 to get adapter W' ;

end

Function LocalUpdates(i, W ):

foreach (x;,y;) € D; do

Generate reasoning paths using p,;:
{(Tk Dg0) Y

Construct candidate features h;
and soft labels s; ;; apply
candidate selection to construct the
local discriminator-training set;

end

fore =1to E do
Update LoRA modules and

classifier using Equation 6;

end
foreach test sample x; do
Generate reasoning paths
- K .
{(Tj7k7 ijk)}kzl’
Concatenate feature vector
hig =[5 || 7k || 95005
Select answer via Equations 10, 11,
and 12;

end
Output: Final answer {7, }

B Analysis of Different Context Length

To address potential concerns regarding truncation
effects under the 512-token constraint (e.g., pre-
mature termination before generating complete an-
swer), we extended the maximum generation length
to 1024 tokens. This intervention effectively elimi-
nated truncation issues, as evidenced by the near-
zero truncation rates in Table 6.

Max Length  Actor Model Avg.(%)
512 LLaMA-3-8B-Instruct 5.93
Qwen2.5-7B-Instruct 26.28
1024 LLaMA-3-8B-Instruct 0.02
Qwen2.5-7B-Instruct 0.04

Table 6: The mean truncation rates on all datasets across
maximum generation lengths.

Performance comparisons in Table 7 reveal
consistent accuracy improvements across most
configurations after length extension. Our
FedCoT method achieved gains of +3.04%
and +1.00% for LLaMA-3-8B-Instruct and
Qwen2.5-7B-Instruct, respectively, while
FedIT showed a +0.43% improvement for
LLaMA-3-8B-Instruct. The marginal decline
observed for FedIT on Qwen2.5-7B-Instruct
(-0.27%) may be attributable to increased noise in
extended reasoning chains.

Critically,
effectiveness

FedCoT demonstrates robust
when controlling for trunca-
tion effects, delivering substantial improve-
ments of +9.30% and +9.16% over FedIT
baselines for LLaMA-3-8B-Instruct and
Qwen2.5-7B-Instruct, respectively token length
with 1024. These gains exceed those observed
under 512-token constraints, validating both the
efficacy and robustness of our approach across
generation length parameters.

C Discussion on Fine-grained
Process-oriented Discrimination

We investigate whether process-oriented evalua-
tion could provide more fine-grained signals. In-
spired by process reward models (Lightman et al.,
2023) in reinforcement learning, we design a step-
wise self-evaluation mechanism, where each client
model assigns confidence scores to its intermediate
reasoning steps.

Surprisingly, as shown in Table 8, models ex-
hibit strong positivity bias, with self-evaluated pos-
itive rate ranging from 81.63% to 99.98% across all
datasets. This overconfidence persists even in cases
where the final answer accuracy is critically low
(e.g., only 9.20% on PubMedQA), indicating that
self-assessment fails to distinguish correct from
flawed reasoning paths. This may be because mod-
els lack reliable internal uncertainty estimation for
intermediate steps, and the self-evaluation task, be-
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Model Method BioASQ MedMCQA MedQA MMLU PubMedQA Avg.(%)
FedIT-512 42.74 47.29 53.73 71.17 13.20 45.63
LLaMA-3-8B- FedCoT-512 65.30 45.20 56.10 54.00 41.00 52.32
Instruct FedIT-1024 45.16 46.45 54.36 70.55 13.80 46.06
FedCoT-1024  78.20 44.40 53.70 58.30 42.20 55.36
FedIT-512 82.26 48.48 44.30 68.71 47.20 58.19
Qwen2.5-7B-  FedCoT-512 96.80 50.00 52.50 66.30 64.80 66.08
Instruct FedIT-1024 82.26 48.55 43.28 68.10 47.40 57.92
FedCoT-1024  97.60 51.60 56.50 59.50 70.20 67.08

Table 7: Performance comparison (%) across different maximum generation token lengths. The best results are in
Bold and the second-highest results are indicated with an underline.

Dataset Positive Negative Ratio(%)
BioASQ 5,740 145 97.54
MedMcQA 47,290 5,408 89.74
MedQA 118,719 26 99.98
MMLU 36,676 979 97.40
PubMedQA 3,288 740 81.63

Table 8: Step-wise self-evaluation performance across
medical QA benchmarks. Positive: count of reasoning
steps judged correct by the model; Negative: count of
steps judged incorrect; Ratio: proportion of correct self-
evaluation.

ing trained on the same data distribution, inherits
the model’s existing biases.

D Performance of General Open-source
Reward Model

We further verify the applicability of general-
domain reward models (Liu et al., 2025) in medical
task scenarios-specifically focusing on their ability
to filter and select high-quality reasoning traces in
medical scenarios, and the results are shown in Ta-
ble 9. Although individual gains occur on specific
datasets, all evaluated open-source reward mod-
els yield lower average accuracy than direct CoT
prompting. This reflects the special nature of medi-
cal scenarios; crudely and directly utilizing these
models cannot transfer their excellent performance
from general scenarios.

E Case Study

This case in Table 10 involves a 29-year-old man
with burning urination (urethritis), acute asymmet-
ric joint pain (right ankle, left knee), bilateral con-
junctivitis, and recent antibiotic-treated bloody di-

arrhea.

The question asks for the most likely additional
finding among four options. The correct answer
is B (Tenderness at the insertion of the Achilles
tendon), indicative of reactive arthritis triggered by
enteric infection (e.g., Shigella/Salmonella).

Generation 1 incorrectly prioritized finger joint
pain despite the patient’s ankle pain being the criti-
cal clue. Reactive arthritis typically involves lower
extremities (e.g., Achilles enthesitis), not finger
joints. Generation 2 ignored the 2-week latency
between diarrhea and joint symptoms—a hallmark
of reactive (not septic) arthritis.

Generation 3 correctly diagnosed reactive arthri-
tis and prioritized Achilles tenderness (B) as the
key additional finding, aligning with the patient’s
ankle pain

Other generation all made wrong answers.

The discriminator model correctly assigned the
highest score (0.834) to generation 3 for its precise
pathophysiology: linking Achilles tenderness to
reactive arthritis.

Other generations scored 0.62-0.79 for
plausible-but-incorrect "abdominal infection"
theories, yet the model still ranked them below the
correct answer.

F Improvement Potential

Table 11 shows the improvement of the test set
of multiple models with three different parameter
levels under multiple sampling, where the models
with less than 3B parameters can hardly achieve
performance improvement through multi-sampling.
The model with 3B parameters shows a signifi-
cantly higher improvement under multiple sam-
plings than models with less than 3B parameters,
and its improvement performance is relatively close
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Model BioASQ MedMCQA

MedQA MMLU PubMedQA

Baseline 37.90
Skywork-Reward-V2-Qwen3-0.6B 31.50
Skywork-Reward-V2-Llama-3.2-1B  41.90
Skywork-Reward-V2-Qwen3-1.7B 25.00
Skywork-Reward-V2-Llama-3.1-8B 16.10

29.80 27.20 38.70 9.20
24.50 20.20 32.50 4.00
23.90 25.80 28.80 6.40
24.80 21.20 26.40 1.00
12.80 7.60 16.00 0.60

Table 9: Performance of open-source SOTA reward models in the medical domain across different benchmarks (in

%).

compared to that of the model with 7B parameters.

In addition, we can see that in the case of less
than 3B, the Qwen series of models can still achieve
a slight improvement, while the LLaMA series
of models basically have no improvement at all.
This may be due to different treatments during pre-
training.

Overall, whether for the Qwen series or the
LLaMA series, the larger the model parameter
count, the better the basic performance under the
corresponding dataset conditions, and the greater
the improvement obtained through sampling. This
reflects that the basic capabilities of the model are
a very crucial part for further subsequent improve-
ment. If the basic capabilities of the base model are
too low, then even more sampling cannot achieve
significant improvement.

G Datasets Information

We will showcase the medical datasets used for gen-
erating CoT candidates during the training phase
and the medical datasets used for evaluation during
the testing phase here.

e PubMedQA (Jin et al., 2019): A biomedical
question-answering dataset based on PubMed
abstracts, containing 1,000 expert-annotated
multiple-choice (yes/no/maybe) biomedical
question-answering samples. Its knowledge
source involves 211,300 PubMed papers. This
task requires judging the answer to the re-
search question based on the abstract content.
The average lengths of the question stem and
context are 14.4 and 238.9 tokens respectively.
It is distributed under MIT license.

* BioASQ (Tsatsaronis et al., 2015): A large-
scale biomedical semantic indexing and
question-answering dataset, including two
tasks: information retrieval (Task A) and
machine reading comprehension (Task B).
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This paper focuses on 618 binary judgment
(yes/no) reading comprehension questions in
Task B in the recent five years (2019 - 2023).
The average length of the question tokens
is 17. Similar to PubMedQA, this dataset
supports machine reading comprehension re-
search by providing standard answer text seg-
ments. It is distributed under the CC-BY-4.0
license.

MMLU-Med (Hendrycks et al., 2020): A med-
ical reasoning specialized dataset extracted
from the multi-task language understanding
benchmark MMLU (hereinafter referred to
as MMLU for short). In this paper’s exper-
iments, seven medical-related fields are se-
lected: clinical knowledge, college biology,
college medicine, high school biology, med-
ical genetics, professional medicine, and vi-
rology. The reasoning ability of the model in
professional medical scenarios is mainly in-
vestigated. It is distributed under MIT license.

MedMCQA (Pal et al., 2022): A large-scale
multiple-choice medical question-answering
dataset that integrates real question resources
from the All India Institute of Medical Sci-
ences (AIIMS) and the National Eligibility
cum Entrance Test for Postgraduate (NEET-
PG) in India. This dataset contains over
194,000 high-quality medical questions, cov-
ering 2,400 health topics and 21 medical dis-
cipline areas, featuring significant topic diver-
sity. The average token length of the questions
is 12.77. It is distributed under Apache-2.0
license.

MedQA (Jin et al., 2021): A clinical medicine
question bank based on the United States
Medical Licensing Examination (USMLE),
containing 12,723 questions sourced from 18
widely used authoritative clinical medicine



Question: A previously healthy 29-year-old man comes to the emergency department because of burning with urination for several
days. He has also had pain in the right ankle for 3 days and pain and swelling in the left knee for 1 day. Two weeks ago, he had
several days of fever and bloody diarrhea, for which he was treated with antibiotics. Examination shows a small left knee effusion
and bilateral conjunctival injection. Which of the following is the most likely additional finding in this patient?\n A. Palpable mass
in the right lower quadrant\n B. Tenderness at the insertion of the Achilles tendon\n C. Pain on passive extension of the fingers\n D.

Circular erythematous rash with central clearing Ground-Truth Answer: B;
Generation 1: Here is the step-by-step reasoning to answer the question:\n\nThe patient presents with a combination of symptoms,
including burning with urination, pain in the right ankle, and pain and swelling in the left knee. ... The development of new

symptoms, such as joint pain and swelling, suggests that the infection may have spread to other parts of the body.\n\nThe patient’s
conjunctival injection (inflammation of the conjunctiva) is also a significant finding, as it is a common manifestation of disseminated
infection.\n\nGiven the patient’s symptoms and medical history, the most likely diagnosis is reactive arthritis, which is a type
of spondyloarthropathy that occurs in response to an underlying infection, often gastrointestinal.\n\nReactive arthritis typically
affects the joints, eyes, and skin, and can cause symptoms such as joint pain, swelling, and inflammation. The patient’s bilateral
conjunctival injection and left knee effusion are consistent with this diagnosis.\n\nThe most likely additional finding in this patient
would be:\n\n#### C. Pain on passive extension of the fingers\n\nThis symptom is a common manifestation of reactive arthritis, as
the condition can cause inflammation and stiffness in the hands and fingers. Passive extension of the fingers would likely cause
pain and stiffness, which would be consistent with the patient’s underlying diagnosis.\n\nThe other options are not as likely:\n\nB.
Tenderness at the insertion of the Achilles tendon: Achilles tendonitis is a possible diagnosis, but it is not the most likely explanation
for the patient’s symptoms given the patient’s medical history and conjunctival injection.\n\n

Prediction 1: C; Score 1: 0.77344

Generation 2: Here is the step-by-step reasoning to answer the question:\n\nThe patient presents with a complex set of symptoms,
including burning with urination, pain in the right ankle, and pain and swelling in the left knee. The patient also reports a history of
fever and bloody diarrhea two weeks ago, which was treated with antibiotics.\n\n. . .Step 4: Consider the possible causes of the
patient’s symptoms in the context of the possible sources of infection.\n\nGiven the patient’s history of bloody diarrhea and the
presence of symptoms in the joints and eyes, it is possible that the patient has developed a septic arthritis, which is an infection
of the joint that is caused by bacteria that have spread from another part of the body.\n\nStep 5: Evaluate the patient’s symptoms
in relation to the possible causes of septic arthritis.\n\nThe patient’s symptoms of pain and swelling in the joints, as well as the
presence of a small left knee effusion, are consistent with septic arthritis. The patient’s bilateral conjunctival injection also suggests
that the infection may have spread to the eyes.\n\nStep 6: Consider the most likely additional finding in the patient.\n\nGiven the
patient’s symptoms and the possible causes of septic arthritis, the most likely additional finding is a palpable mass in the right lower
quadrant, which could indicate an abscess or a collection of pus in the right lower quadrant of the abdomen.\n\n#### A. Palpable
mass in the right lower quadrant

Prediction 2: A; Score 2: 0.717285

Generation 3: Here is the step-by-step reasoning:\n\nThe patient presents with a combination of symptoms, including burning
with urination, pain in the right ankle, and pain and swelling in the left knee. This suggests that the patient may have a systemic
infection that is affecting multiple parts of the body.\n\nThe patient had a recent episode of bloody diarrhea, which is a common
symptom of gastrointestinal infections. The fact that he was treated with antibiotics suggests that the infection was likely bacterial
in nature.\n\nThe patient’s symptoms are consistent with a urinary tract infection (UTI), as burning with urination is a common
symptom of UTIs. The presence of a small left knee effusion and bilateral conjunctival injection suggests that the infection may
have spread to the joints and eyes, respectively.\n\nThe patient’s symptoms are also consistent with reactive arthritis, a condition that
can occur as a complication of certain bacterial infections, such as Salmonella or Shigella. Reactive arthritis is characterized by joint
pain and swelling, as well as conjunctivitis and urethritis.\n\nGiven the patient’s symptoms and medical history, the most likely
additional finding is:\n\nB. Tenderness at the insertion of the Achilles tendon\n\nThis is because reactive arthritis often affects the
joints, including the ankles, and the Achilles tendon is a common site of tenderness in this condition.\n\n#### B. Tenderness at the
insertion of the Achilles tendon

Prediction 3: B; Score 3: 0.833984

Generation 4: ......
Prediction 4: A; Score 4: 0.621094

Generation 5: ......
Prediction 5: A; Score 5: 0.785645

Generation 6: ......
Prediction 6: A; Score 6: 0.781250

Generation 7: ......
Prediction 7: A; Score 7: 0.777344

Generation 8: ......
Prediction 8: C; Score 8: 0.717285

Table 10: A case study on MedQA dataset.
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Model bioasq medmcqa medqa mmlu pubmedqa average A
p@1 p@k p@l p@k p@l p@k p@l p@k p@l p@k p@l p@k

LLaMA-3-8B 3790 7097 29.84 68.18 27.18 70.46 38.65 71.78 9.20 42.00 28.55 64.68 36.12
LLaMA-3.1-8B 25.81 64.52 35.07 7222 32.05 73.53 39.26 77.30 1520 54.80 29.48 68.47 38.99
Qwen2.5-7B 73.39 98.39 43.75 70.98 29.46 66.54 50.31 78.53 38.80 73.40 47.14 77.57 3043
Qwen2.5-3B 1048 46.77 1898 5541 5.03 2380 26.38 65.64 120 740 1241 39.81 27.39
LLaMA3.2-3B 3145 70.16 31.41 65.57 20.03 59.62 32.52 70.55 4.80 2420 24.04 58.02 33.98
Qwen-1.5B 0.81 968 1.65 11.09 1.73 1548 0.61 1043 000 040 096 941 846
LLaMA3.2-1B  0.00 0.00 0.10 036 0.00 000 0.00 0.00 0.00 000 0.02 0.07 0.05
Qwen2.5-0.5B  0.00 0.81 163 892 047 589 123 798 060 320 078 536 457

Table 11: Model performance (in %) on biomedical test sets demonstrating accuracy potential through multiple
sampling. The table shows pass rates at first sample (p@1) and after k samples (p@k), with A = p@k — p@1

indicating accuracy improvement potential.

textbooks. The questions cover a rich vari-
ety of clinical medicine topics and require
professional-level reasoning by integrating
multi-source evidence. The average length
of the questions is 116.6 tokens, and the aver-
age length of the options is 3.5 tokens. It is
distributed under the CC-BY-4.0 license.

¢ GPQA (Medical) (Rein et al., 2024): As the
biomedical domain subset derived from the
Graduate-Level QA dataset, GPQA (Medical)
is characterized by expert-curated multiple-
choice questions of high difficulty. These
questions are specifically designed to neces-
sitate advanced reasoning capabilities, with
an intentional design objective to avoid be-
ing answerable through simple search-engine
queries—thereby eliminating over-reliance on
surface-level information retrieval and empha-
sizing the need for in-depth domain under-
standing.

¢ MedBullets(Chen et al., 2024a): This dataset
comprises practice questions curated from the
MedBullets medical education platform, a spe-
cialized resource for medical learning and
skill assessment. Owing to their alignment
with high-difficulty medical knowledge ap-
plication scenarios, these subsets function as
rigorous evaluation benchmarks for assessing
the performance of models in the biomedical
domain.

* MedXpertQA (Zuo et al., 2025): This dataset
consists of 50 medical reasoning questions,
all of which are authored by domain experts

and structured to require multi-step analyti-
cal processes. The expert-authored nature of
the questions ensures high validity and au-
thenticity of the scenarios, while the multi-
step reasoning framework aligns with the com-
plexity of real-world clinical decision-making,
thereby enabling rigorous, nuanced assess-
ments of model performance in biomedical
reasoning tasks. It is distributed under MIT
license.

H Prompt Template

We present the one-shot CoT prompt for generat-
ing candidate reasoning paths in Figure 4. This
carefully designed template guides the model in
rigorous reasoning and follows required formatting
for easy answer extraction and evaluation. We also
presented the prompt template used by LLM-as-
Judge to evaluate the factual fidelity, explainability,
and overall quality of reasoning paths, as shown in
Figure 5, with evaluation scores ranging from 1 to
10.

I Sensitivity to Client Granularity

The primary experiments use five cross-silo clients,
with each biomedical QA dataset treated as one
client. To examine a more fine-grained federation,
we construct an eight-client setting by partitioning
MedMCQA into two client shards and MedQA
into three client shards, while retaining BioASQ,
MMLU, and PubMedQA as individual clients. The
resulting federation contains one BioASQ client,
two MedMCQA clients, three MedQA clients, one
MMLU client, and one PubMedQA client.

2602



The Prompt Template for one-shot CoT

To answer the following question, provide a
highly detailed and comprehensive step-by-
step reasoning.

Your explanation should break down the prob-
lem into clear, logical steps, with each step on
a new line.

The goal is to construct a robust and self-
contained argument that fully justifies the final
conclusion.

After the reasoning, present the final answer.
Please model the overall structure on the pro-
vided example.

Example:

Q:

Primary Colonization of plaque is dominated
by

A. Facultative Aerobic Gram+ve rods

B. Facultative Anaerobic Gram-ve rods

C. Facultative Aerobic Gram-ve cocci

D. Facultative Anaerobic Gram+ve cocci

A:

The oral cavity is a complex ecosystem where
various microorganisms coexist, and plaque is
a biofilm that forms on tooth surfaces.
Primary colonization of plaque is dominated
by Streptococcus species, which are Gram-
positive, facultative anaerobic cocci.

These Streptococcus species are able to adhere
to the tooth surface and multiply, creating a
matrix for other microorganisms to colonize.
#### D. Facultative Anaerobic Gram+ve cocci

Here is the question:
Q:

{question}
{options}

Figure 4: Template for Multiple-choice Questions
(MCQs). Placeholders question and options denote

the MCQ stem and options.

The Prompt Template for 3 dimensional
judgments.

You are a medical expert evaluating Al re-
sponses to medical questions. Please evaluate
the following response based on three criteria
and provide scores from 1-10 (10 being best).
Medical Question: {question}

Al Response: {response}

Evaluation Criteria:

1. FACTUAL FAITHFULNESS (1-10):
Assess whether the medical information
is accurate and consistent with established
medical knowledge. Penalize hallucinations,
unsupported claims, or factual inaccuracies.
2. EXPLANATORY QUALITY (1-10):
Evaluate how well the response explains
medical concepts, provides reasoning, and
makes complex information understandable.
Consider clarity and educational value.

3. OVERALL QUALITY (1-10): Judge the
comprehensive quality including completeness,
relevance to the question, professionalism, and
practical usefulness for medical understanding.

Output Format - Provide your evaluation in
this exact JSON format:

{{
‘factual_faithfulness’: {{
‘score’: 7,

‘reasoning’: ‘Brief explanation of strengths and
weaknesses in factual accuracy’ }},
‘explanatory_quality’: {{

‘score’: 8,

‘reasoning’: ‘Brief analysis of explanatory ef-
fectiveness’

1

‘overall_quality’: {{

‘score’: 7,

‘reasoning’: ‘Overall assessment of the re-
sponse’s medical value’

H
1

Ensure scores are integers from 1-10. Be strict
but fair in medical accuracy assessment.

Figure 5: Template for 3D judgments. Placeholders
question and response denote the medical question
and response.
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Table 12 compares the original five-client setting
with the eight-client setting. The average accu-
racy changes from 55.50% to 55.40%, while the
performance on individual benchmarks remains
comparable. This result suggests that FedCoT re-
mains stable under a moderately more fine-grained
cross-silo partition.

J Effect of Shared Classifier-Head
Aggregation

FedCoT updates only the lightweight discrimina-
tor, including its LoORA modules and classification
head, while keeping the actor LLM frozen. This de-
sign focuses communication on the component that
directly evaluates and selects candidate reasoning
paths. To examine the role of classifier-head shar-
ing, we compare the default shared-head design
with a local-head variant. The latter retains a sep-
arate classifier head on each client and aggregates
only the discriminator LoORA modules.

Table 13 reports the results with Qwen2.5-7B-
Instruct as the actor model. Aggregating the clas-
sifier head improves the average accuracy from
52.40% to 68.70%. The shared-head variant also
achieves higher accuracy on all five benchmarks.
These results indicate that sharing the classifier
head transfers cross-client calibration information
that is complementary to the knowledge captured
by the aggregated LoRA modules.

K Analysis of Candidate Sampling
Numbers
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Figure 6: Performance improvement on difference can-
didate numbers of FedCoT.

In candidates generation, the sampling number
of candidates is sensitive to model performance.
Our experimental analysis, illustrated in Figure 6,
demonstrates that increasing candidate samples
from 8 to 16 consistently enhances performance
across models. This improvement is particularly
pronounced for LLaMa-3-8B-Instruct, where av-
erage accuracy increases from 52.32% to 59.44%.

Notably, on the BioASQ dataset, its accuracy rises
substantially from 65.30% to 85.50%.

Although Qwen2.5-7B-Instruct also exhibits
improvement gains (from 66.08% to 66.72%), the
marginal improvement suggests model-dependent
sensitivity to candidate quantity. In particular, the
performance gap between 8 and 16 candidates is
significantly smaller than that between 1 and 8 can-
didates for all backbone models, indicating that 8
candidates sufficiently demonstrate methodological
efficacy.

L Assessing via LLM-as-Judge:
Factuality, Explainability, Quality

MedMCQA MedQA
CoT
+FedCOT

6.489 6:652 6.625 6.679

Score

5.645
<15 N 5.549
5.095 5.195 5354 5246 5350
4914 20

Factuality Explainability Quality
MMLU

Factuality Explainability Quality
PubMedQA

8.338 8.374
8.060 8.070

8 5 7.746 7.774
601
7301 7466

7.086
0988 6.834

Score

Factuality Explainability —Quality Factuality Explainability —Quality

Figure 7: LLM-as-Judge evaluation on four biomedical
QA datasets across three axes (higher is better): medical
factuality, explainability/coherence, and overall quality.

We assess response quality using an LLM-
as-Judge protocol with a strong judge model
(DeepSeek-V3.2-Exp), which scores generated so-
lutions along three axes-medical factuality, ex-
plainability/coherence, and overall quality-on a
1-10 scale; prompt details and rubric are in Ap-
pendix H. Figure 7 summarizes results on Pub-
MedQA, MedMCQA, MedQA, and MMLU. Fed-
CoT consistently improves over direct CoT across
all datasets and axes. The largest improvements
appear on MMLU (+0.31 factuality, +0.25 qual-
ity) and MedMCQA (+0.18 factuality, +0.16 ex-
plainability), while PubMedQA shows smaller but
uniformly positive gains (+0.04 factuality, +0.01
explainability, +0.03 quality). These findings align
with the accuracy improvements in Section 5.2 and
indicate that, despite using only final correctness
as supervision during federated training, FedCoT
effectively steers inference-time selection toward
higher-quality reasoning chains.
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MedMCQA MedQA MMLU PubMedQA  Avg.

Method BioASQ

LlaMA-3-8B-Instruct 37.90 29.80
FedCoT (5 clients) 68.50 45.20
FedCoT (8 clients) 69.40 44.30

27.20 38.70 9.20 28.56
54.10 68.70 41.00 55.50
52.80 69.30 41.20 55.40

Table 12: Performance under different client granularities. The eight-client setting partitions MedMCQA into two
clients and MedQA into three clients. All results are accuracy (%).

Method BioASQ MedMCQA MedQA MMLU PubMedQA Avg.
Qwen2.5-7B-Instruct 73.40 43.70 29.50 50.30 38.80 47.14
FedCoT (shared head) 96.00 51.70 53.40 74.20 68.20 68.70
FedCoT (personalized head)  80.60 48.20 29.50 60.10 43.60 52.40

Table 13: Effect of classifier-head aggregation. The local-head variant keeps the classifier head client-specific and
aggregates only LoRA modules. All results are accuracy (%).

M Performance on Smaller Size LLMs

LLaMA-3.2-3B-Instruct
66.1

CoT

\e B +FedCOT I +FedCOT
< 46.8  46.0Avg. (44.8) 46.0 46.6
X W0 e
o 37.0
] 40 Avg. (31.4)
3 6.4
S 20:4 19.4 20.1
< 20 |

10.5 = -

" 12
@

Qwen2.5-3B-Instruct

& QV’QV’

ES
\0“ & & @ IO S
® W ®

Figure 8: Performance improvement on 3B LLMs via
federated reasoning fine-tuning on top of our FedCoT.

We further investigate the performance on
smaller size LLMs, and the results are presented
in Figure 8. We can observe that our FedCoT
exhibit moderate yet consistent gains on smaller
models. Specifically, FedCoT significantly out-
performs the CoT method with specific train-
ing on our federated learning framework and
achieves an average performance improvement of
20.8% on LLaMA-3.2-3B-Instruct and 19.00%
on Qwen2.5-3B-Instruct These results under-
score our methods’ robust generalization and adapt-
ability across a spectrum of model sizes.

N OOD Generalization

To assess generalization beyond the train-
ing distribution, we evaluate on three out-of-
distribution (OOD) benchmarks-GPQA (biomed-
ical track), MedBullets, and MedXPertQA. Fed-
CoT maintains strong performance and consis-
tently surpasses both the CoT and FedIT base-

CoT +FedIT B +FedCOT
50 46.80%
44.16%

S 40
oy
830 2560% L A
5 2305%
Q
< 20 17.44%

107 769 511% pa—

2.76%
0 GPQA MedBullets MedXPerQA

Figure 9: The validation in out-of-distribution situation.

line on all benchmarks, as shown in Figure 9.
Specifically, FedCoT attains 25.60/46.80/8.30%
on GPQA/MedBullets/MedXPerQA, compared
with FedIT’s 17.44/44.16/5.11% and CoT’s
7.69/23.05/2.76%.  Averaged over the three
datasets, FedCoT reaches 26.90%, yielding a
+4.66% improvement over FedIT and a +15.73%
gain over CoT; the gains are most pronounced on
GPQA (+8.16% vs. FedIT). These results indi-
cate that FedCoT offers better OOD robustness
and transfers more effectively to other biomedical
scenario under distribution shift.
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