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Abstract
Federated Learning (FL) only shares model parameters while keep-
ing raw data local, enabling secure fine-tuning of Large Language
Models (LLMs) on sensitive clinical counseling transcripts. This of-
fers a promising path toward accessible, high-quality mental health
support. In a realistic clinical federation, general hospitals and spe-
cialized clinics coexist. The former holds topically diverse data ap-
proximating the global distribution (Identically and Independently
Distributed or IID), while the latter holds topically concentrated
Non-IID data. However, most existing FL methods do not account
for this co-existence of IID/Non-IID clients. To address this problem,
we propose two methods. (1) Heterogeneity-Aware DualLoRA
assigns to each client global and local adapters with adaptive epochs
based on heterogeneity score. (2) Selective Federated Aggrega-
tion routes IID clients into federated fine-tuning of global adapter
and Non-IID clients into private fine-tuning of local adapter. Experi-
ments show that both methods consistently outperform standard FL
method (FedAvg) in counseling quality and personalization. Further-
more, Selective Federated Aggregation matches the strongest base-
line (Dual LoRA) at 70% lower upload cost, making it highly practi-
cal for real-world clinical deployment. Our source code is publicly
available at https://github.com/shunasokeio/fllm-mentalhealth/.

CCS Concepts
•Human-centered computing→Ubiquitous andmobile com-
puting systems and tools; • Computing methodologies →
Natural language processing.
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Figure 1: Client data distributions under Mixed IID/Non-IID
partitioning. Topically diverse IID clients and topically con-
centrated Non-IID clients co-exist within the same federation

1 Introduction
Mental disorders affect approximately 1 in 7 people globally [27], yet
the majority of those affected do not seek professional help. Coun-
seling — structured dialogue-based psychotherapy — is a primary
form of treatment, but remains inaccessible due to financial cost,
social stigma, and geographic barriers [13]. AI-powered counseling
chat bots offer a route to democratizing access, and recent work has
shown that LLMs fine-tuned on real counseling transcripts can pro-
duce empathic, contextually appropriate responses [28]. However,
publicly available counseling transcripts represent only a fraction
of the data that exists. The richest source of training data — actual
clinical records — is protected by strict privacy regulations and
remains inaccessible for centralized training.

Federated Learning (FL) [14] bypasses this privacy barrier by
exchanging model parameters while keeping raw data local, en-
abling secure training on restricted clinical datasets. Yet a realistic
multi-institution federation introduces a data distribution paradigm
the literature has largely overlooked: clients differ substantially in
their degree of heterogeneity. General hospitals hold large, topically
diverse cohorts approximating the global distribution (Identically
and Independently Distributed or IID) [24]. In contrast, specialized
clinics hold compact, topic-concentrated data (Non-IID) [31]. We
term federations where both coexist Mixed IID/Non-IID settings
(see Figure 1 for an example when random seed = 42).
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The majority of existing FL methods do not explicitly account
for this Mixed IID/Non-IID setting. FedAvg implicitly assumes IID
for convergence, and its variants that mitigate client drift due to
Non-IID clients [9, 10, 29] apply globally uniform corrections —
missing the opportunity to treat IID and Non-IID clients differently.
Specifically, IID clients benefit from broad global aggregation, while
Non-IID clients benefit from deep local specialization. We address
this gap with the following contributions:

• We conduct the first study of Mixed IID/Non-IID federated
fine-tuning for mental health counseling LLMs, where IID
general hospitals and Non-IID specialized clinics coexist.

• We propose Heterogeneity-Aware (HA) DualLoRA, a
dual-adapter architecture with a per-client entropy hetero-
geneity score that adapts the local and global adapter training
epochs in opposite directions, motivated by federated conver-
gence theory for each direction independently.

• Wepropose Selective FederatedAggregation (SFA), which
routes IID clients into global aggregation and Non-IID clients
into private local training in order to achieve balanced global
adapter and specialized local adapter simultaneously.

• We conduct experiments on MentalChat16K, demonstrating
bothmethods consistently outperform FedAvg andmatch the
strongest baseline, Dual LoRA, with reduced communication
cost and justified compute overhead.

2 Related Work
2.1 Centralized Counseling LLMs
MentalChat16K [28] introduces a benchmark dataset combining
synthetic counseling conversations and anonymized transcripts
from interventions between behavioral health coaches and care-
givers. The dataset consists of (problem, response) pairs covering a
broad range of mental health concerns including depression, anxi-
ety, and relationship issues. Additionally, it proposes a human vali-
dated seven-metric evaluation framework with GPT-4 and Gemini
Pro as automated judges. The metrics include Active Listening, Em-
pathy & Validation, Safety & Trustworthiness, Open-mindedness
& Non-judgment, Clarity & Encouragement, Boundaries & Ethical,
and Holistic Approach. This evaluation framework is the founda-
tion we build on and extend. Psych8K [11] (ChatCounselor) con-
structs a dataset from 260 real counseling recordings provided by
licensed psychologists. LLMs fine-tuned on these datasets demon-
strate strong counseling ability. However, they adopt centralized
training, which is impractical in real clinical settings due to privacy
regulations.

2.2 FL under Non-IID data
Zhao et al. [29] demonstrated that FedAvg performance degrades
under Non-IID data due to weight divergence across clients. Fed-
Nova [25] formalized a related failure mode as objective inconsis-
tency, where heterogeneous local steps cause the global model
to converge to an unintended objective. SCAFFOLD [9] and Fed-
Prox [10] mitigate client drift via control variates and proximal
regularization, respectively. However, all these methods rely on
network-wide, uniform correction frameworks. Consequently, they
lack the mechanism to differentiate between coexisting IID and

Non-IID client profiles within the same federation. HiCS-FL [3] con-
siders varying degree of heterogeneity across clients and proposes
a method that preferentially samples clients with more balanced
distributions. This approach misses the opportunity to exploit Non-
IID clients’ specialized knowledge while still benefiting from IID
clients’ broad coverage.

2.3 Personalized federated LoRA
FL has recently been extended to LLMs, where LoRA [7] enables
efficient federated fine-tuning. Building on this, a line of work
applies personalized FL specifically to LoRA-based fine-tuning. FD-
LoRA [16] assigns each client a private personalized LoRA and
a global LoRA, fusing them post-training via gradient-free scalar
weight optimization. FedALT [1] keeps each client’s individual
LoRA un-aggregated and supplements it with a frozen Rest-of-
World aggregate LoRA, mixed via a learned MoE (Mixture of Ex-
perts) gate at inference. FFA-LoRA [22] freezes 𝐴 matrix and trains
only 𝐵 matrix, eliminating the aggregation instability caused by
separately averaging jointly optimized matrices. However, all target
NLP or instruction-tuning benchmarks under uniform task-level
heterogeneity. None addresses varying degrees of statistical hetero-
geneity within a single federation, a realistic condition critical for
deployment.

2.4 Federated LLMs for mental health
FedTherapist [21], FedMentalCare [18], and FedMentor [19] apply
FL to mental health AI and target status detection, classification,
and privacy compliance. However, none generates counseling-style
responses to patient context — a form of direct intervention that
supports users more immediately than detection or classification
alone. They also do not address the Mixed IID/Non-IID heterogene-
ity inherent to multi-institution mental health federations. Both
are critical gaps for real-world deployment.

3 Problem Formulation
We consider a federation of 𝑁 clients, each holding a private lo-
cal dataset D𝑖 of counseling transcripts. Each entry consists of a
(problem, response) pair, where the problem is a patient’s message
describing their mental health concern and the response is a coun-
selor’s reply. Clients differ in their degree of data heterogeneity,
modeled via the Dirichlet distribution’s concentration parameter
𝛼 . Of the 𝑁 clients, 𝐶IID are IID clients holding topically diverse
data approximating the global mixture (𝛼 = 100), and 𝐶Non-IID are
Non-IID clients holding data concentrated on a narrow topic subset
(𝛼 = 0.01), where 𝐶IID +𝐶Non-IID = 𝑁 .

The goal is to find a federated fine-tuning strategy that simulta-
neously (1) maximizes general Counseling Quality across all clients,
(2) maximizes Personalization metric by adapting each client’s
model to its local topic distribution and user population, and (3) min-
imizes per-round communication upload and per-client compute
overhead. Evaluation metrics are defined in Section 5.2 and limita-
tions are discussed in Section 8.

4 Methodology
Figure 2 provides an overview of both proposed methods.



Mental Health Counseling LLMs in Mixed IID/Non-IID Federations Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

(1) HA-DualLoRA (2) Selective Federated Aggregation

Server: FedAvg φg

Client i
❄Frozen LLM

%Phase 1 : Train ,  frozen φl φg
Epoch = 0.5 + 0.5 ⋅ m ⋅ (si − 0.5)

%Phase 2 : Train ,  frozen φg φl
Epoch = 0.5 − 0.5 ⋅ m ⋅ (si − 0.5)

 Frozen LLM + + φg φl

Hi = −
K

∑
k=1

p(i)
k log p(i)

k

si = 1 − Hi

Hmax
, Hmax = log K

Heterogeneity Score (s) 

 p(i)
k = proportion of topic k

in client i's local dataset

IID clients


s → 0
Non-IID 
clients


s → 1

IID/Non-IID classification 

ss

Otsu Threshold 𝜏 IID Non-IID

Server: FedAvg φg

IID
❄Frozen LLM

%  Train φg

Frozen LLM + φg Frozen LLM +  + φg φlInference

Non-IID
❄Frozen LLM

%Train φl

❄  Freeze φg

Broadcast  φg Upload  φg

Broadcast  
 φg

Upload  
 φg

Broadcast 
  φg

Figure 2: Overview of proposed methods. Left: HA-DualLoRA assigns each client a global adapter 𝜙𝑔 (aggregated via FedAvg)
and a private local adapter 𝜙𝑙 (never uploaded), with epoch budgets adapted in opposite directions based on heterogeneity score
𝑠𝑖 . Right: Selective Federated Aggregation classifies clients via Otsu thresholding; IID clients (𝑠𝑖 < 𝜏) upload 𝜙𝑔 for aggregation,
while Non-IID clients (𝑠𝑖 ≥ 𝜏) receive the broadcast 𝜙𝑔 and train only a private 𝜙𝑙 locally.

4.1 Heterogeneity Score Estimation
To differentiate IID and Non-IID clients, we estimate a per-client
heterogeneity score 𝑠𝑖 from topic proportions alone, without any
raw data exchange. Clinical institutions often categorize records by
condition or topic. Each client counts the number of data samples
in each topic they own and shares the normalized proportions 𝑝 (𝑖 )

𝑘

with the server (the proportion of topic 𝑘 in client 𝑖’s local dataset).
Given these proportions, we compute the Shannon entropy [20]

of each client’s topic distribution:

𝐻𝑖 = −
𝐾∑︁
𝑘=1

𝑝
(𝑖 )
𝑘

log 𝑝 (𝑖 )
𝑘

(1)

and normalize it to a heterogeneity score:

𝑠𝑖 = 1 − 𝐻𝑖

𝐻max
, 𝐻max = log𝐾 (2)

where 𝐾 = total number of topic clusters. 𝑠𝑖 → 1 and 𝑠𝑖 → 0
respectively indicate that client𝑖 is highly concentrated (Non-IID)
and uniform (IID). Entropy is preferred over gradient-based hetero-
geneity estimators (e.g., LOO cosine distance [9]), since it requires
no warm-up training rounds, introduces zero additional communi-
cation overhead, and can be computed by each institution before
the federation begins. This heterogeneity score is used for both
proposed methods.

To classify clients into IID and Non-IID groups for Selective Fed-
erated Aggregation, we apply Otsu’s method [15] to the set {𝑠𝑖 }𝑁𝑖=1.

Otsu’s method finds a threshold 𝜏 that maximizes between-class
variance, achieving parameter-free binary classification for any
federation composition without manual tuning. In our experiments
it achieves perfect IID/Non-IID separation (accuracy 1.0) against
ground-truth Dirichlet labels.

4.2 Proposed Method 1: Heterogeneity-Aware
(HA) DualLoRA

Each client holds two LoRA adapters: a global adapter 𝜙𝑔 aggre-
gated via FedAvg each round, and a local adapter 𝜙𝑙 that accu-
mulates private knowledge on-device and is never uploaded. Per
round, training alternates between two phases: Phase 1 trains 𝜙𝑙
with 𝜙𝑔 frozen; Phase 2 trains 𝜙𝑔 with 𝜙𝑙 frozen. We train 𝜙𝑙 first
(Phase 1) so that the local adapter adapts to the client’s data before
the global adapter is updated, consistent with the ordering used in
FDLoRA [16]. At inference, both adapters are combined by simple
addition Δ𝑊 = 𝐵𝑔𝐴𝑔 + 𝐵𝑙𝐴𝑙 , requiring no additional parameters or
learned gating [8].

The key novelty is that each phase receives a client-specific epoch
budget determined by 𝑠𝑖 , with the two phases adapted in opposite
directions. Let𝑚 ∈ (0, 2] be a sensitivity multiplier controlling the
degree of adaptation.

The per-client epoch allocation is:

𝜙𝑙 -epochs𝑖 = 0.5 + 0.5 ·𝑚 · (𝑠𝑖 − 0.5) (3)
𝜙𝑔-epochs𝑖 = 0.5 − 0.5 ·𝑚 · (𝑠𝑖 − 0.5) (4)
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so that 𝜙𝑙 -epochs𝑖 + 𝜙𝑔-epochs𝑖 = 1.0 for all clients regardless of
𝑠𝑖 and 𝑚. Both phases start from a baseline of 0.5 epochs, with
heterogeneity score shifting budget between them. When𝑚 = 0,
both phases receive equal budget (equivalent to Dual LoRA with
fixed hyperparameters). When 𝑚 = 1 (canonical), a client with
𝑠𝑖 = 1 devotes 0.75 epochs to 𝜙𝑙 and 0.25 to 𝜙𝑔 . Fractional epochs
are implemented as gradient steps ⌊epoch_fraction×|𝐷𝑖 |/𝑏⌉, where
|𝐷𝑖 | is client 𝑖’s local dataset size and 𝑏 = 4 the effective batch size.
We set 𝑚 = 1 as the canonical configuration, validated by the
sensitivity ablation in Section 7.

The directions are theoretically motivated. For Phase 1 (𝜙𝑙 ): high-
heterogeneity (Non-IID) clients possess concentrated, specialized
local knowledge that 𝜙𝑙 should deeply internalize, thus more local
steps are given. This is grounded in APFL [4], which shows that
clients with greater local-global distribution divergence benefit
from more local adaptation. For Phase 2 (𝜙𝑔): high-heterogeneity
clients produce skewed gradients that cause client drift during
global aggregation, thus fewer steps are given to limit this drift.
This direction is supported by FedNova [25] and SCAFFOLD [9],
which show that excess local steps under heterogeneity amplify
objective inconsistency in the global model.

4.3 Proposed Method 2: Selective Federated
Aggregation (SFA)

For deployment scenarios where communication cost is paramount,
we propose Selective Federated Aggregation. Clients are classified
via Otsu thresholding of 𝑠𝑖 into IID (𝑠𝑖 < 𝜏) and Non-IID (𝑠𝑖 ≥ 𝜏)
groups.

IID clients train and upload 𝜙𝑔 each round for FedAvg aggrega-
tion among IID clients only. At inference, they use the frozen LLM
+ 𝜙𝑔 . Non-IID clients receive the broadcast 𝜙𝑔 after IID clients fed-
eration, freeze it, and train a private 𝜙𝑙 locally — never uploading.
At inference, they use the frozen LLM + 𝜙𝑔 + 𝜙𝑙 .

The design follows a core insight of the Mixed IID/Non-IID set-
ting: IID clients produce balanced gradients well-suited for global
model building, while Non-IID clients’ skewed gradients introduce
drift without proportionate benefit. Rather than correcting for this
drift (as FedProx [10] and SCAFFOLD [9] do), we exclude Non-IID
clients from aggregation entirely, assigning them a distinct role:
local specialization on top of a clean global foundation broadcast
each round. This differs from HiCS-FL [3], which selectively sam-
ples within a unified pool rather than assigning structurally distinct
roles.

5 Evaluation
5.1 Experimental Setup

Model and data. Wefine-tuneQwen2.5-0.5B-Instruct [17] (494M
parameters, 4-bit quantized) using LoRA on all linear layers (𝑟 = 16,
𝛼 = 8, 𝑑𝑟𝑜𝑝𝑜𝑢𝑡 = 0.075). A lightweight, quantized base model was
chosen to simulate resource-constrained deployment environments.
Training uses paged AdamW [12] (optimizer states quantized to
8-bit), lr = 2 × 10−5, effective batch size 4. All experiments run
for 10 rounds with seeds 42 and 99; results are averaged over both
seeds. All experiments were conducted on NVIDIA A100 GPUs via
the mdx cloud platform [23].

FL Setup. MentalChat16K dataset [28] (14,452 training exam-
ples (problem, response); 90/10 train/test split) does not provide
topic-level labels, which are necessary to simulate topic heterogene-
ity. We therefore embed input texts by meta-llama/Llama-3.1-8B-
Instruct [6] and cluster them into topics via HDBSCAN [2]. This
yielded 𝐾 = 19 topic clusters. Data is then partitioned across 10
clients (3 IID, 𝛼 = 100; 7 Non-IID, 𝛼 = 0.01) via Dirichlet sampling
over these 19 clusters (per-client range 184–4,062). See Figure 1 for
example with random seed = 42. Use of Dirichlet distribution fol-
lows standard FL heterogeneity benchmarks [9, 10] that use a small
𝛼 for extreme Non-IID clients and a large 𝛼 for IID clients. While
these configurations do not precisely reflect the real clinical distri-
butions, they provide a controlled simulation of the IID/Non-IID
coexistence that characterizes multi-institutional mental healthcare
federations.

5.2 Evaluation Criteria
Counseling Quality: We adopt the human validated 7-metric
LLM-judge framework fromMentalChat16K, scoring each response
on Active Listening, Empathy & Validation, Safety & Trustwor-
thiness, Open-mindedness & Non-judgment, Clarity & Encourage-
ment, Boundaries & Ethical, and Holistic Approach (each 1–10,
judge: GPT-4o-mini). We report the mean of these seven metrics as
the Counseling Quality score.

Personalization: We additionally introduce an 8th standalone
metric, Personalization. This metric assesses whether a response is
tailored to the user’s situation, adapts its tone and therapeutic fram-
ing, and avoids generic boilerplate advice. Personalization metric
was not considered by the original seven-metric evaluation, yet is
crucial for effective counseling. The metric is designed to be drop-in
compatible with the MentalChat16K judge prompt, following the
same 1–10 scale and GPT-4o-mini judge setup. Themetric definition
draws on dimensions identified across personalization evaluation
frameworks including PersonaLens [30] and AuPEL [26]. The full
judge prompt is available in our repository.

Communication and Compute Cost: Communication cost is
a principal constraint in FL [14], and compute overhead is critical in
resource-constrained clinical deployments. We therefore measure
upload cost per client per round (MB) and wall-clock training time
per client per round (seconds), representing communication and
compute cost respectively.

5.3 Comparisons
We compare the performance of our methodology against: Base
Qwen (no fine-tuning, zero-shot floor); FedAvg (single global LoRA,
all clients, standard aggregation); Local-Only (independent per-
client LoRA, no federation); FFA-LoRA [22] (matrix 𝐴 frozen, only
𝐵 aggregated, single adapter); and Dual LoRA (same dual-adapter
architecture as HA-DualLoRA but with fixed equal epoch budgets,
no heterogeneity-aware adaptation). All methods use controlled
hyperparameters to ensure fair comparisons.

6 Results
Table 1 reports Counseling Quality (C), Personalization (P), and
communication/compute cost for all methods.
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Table 1: Main results (mean ± std over seeds 42 and 99). C = Counseling Quality (mean of 7 metrics, 1–10); P = Personalization
(metric 8, standalone, 1–10); MB = upload per client per round; s/rd = compute time per client per round. Highlighted = best per
column. Methods in bold = proposed methods.

Method C·All C·IID C·Non-IID P·All P·IID P·Non-IID MB s/rd

Base Qwen [17] 6.48 ± 0.047 6.45 ± 0.056 6.49 ± 0.043 5.20 ± 0.047 5.17 ± 0.104 5.21 ± 0.022 0.0 0.0
FedAvg [14] 7.07 ± 0.033 7.10 ± 0.053 7.06 ± 0.024 5.83 ± 0.040 5.86 ± 0.024 5.82 ± 0.047 35.2 308 ± 4.1
Local-Only 7.07 ± 0.073 7.09 ± 0.007 7.06 ± 0.107 5.90 ± 0.076 5.85 ± 0.009 5.91 ± 0.112 0.0 309 ± 0.0
FFA-LoRA [22] 6.98 ± 0.009 7.01 ± 0.008 6.97 ± 0.017 5.73 ± 0.040 5.81 ± 0.000 5.70 ± 0.058 19.5 290 ± 1.3
Dual LoRA 7.22 ± 0.125 7.30 ±0.024 7.18 ± 0.169 6.08 ± 0.132 6.11 ± 0.108 6.06 ± 0.142 35.2 400 ± 4.8
HA-DualLoRA 7.21 ± 0.041 7.17 ± 0.069 7.22 ± 0.089 6.07 ± 0.095 5.97 ± 0.061 6.12 ± 0.162 35.2 394 ± 1.1
SFA 7.21 ± 0.004 7.04 ± 0.067 7.29 ± 0.034 6.09 ± 0.008 5.82 ± 0.005 6.21 ± 0.010 10.6 373 ± 5.0

Table 2: IID/Non-IID ratio ablation (seed 42). Ratios are
IID/Non-IID client counts (e.g., 7/3 = 7 IID, 3 Non-IID). HA =
HA-DualLoRA; Underlined = best per column.

Method Counseling·All Personalization·Non-IID
7/3 3/7 1/9 7/3 3/7 1/9

FedAvg 7.10 7.09 7.14 5.91 5.82 5.93
HA 7.12 7.27 7.25 5.94 6.12 6.18
SFA 7.14 7.22 7.34 6.17 6.20 6.25

All fine-tuned methods outperform Base Qwen (C·All: 6.98–7.22
vs. 6.48; P·All: 5.73–6.09 vs. 5.20), indicating that federated fine-
tuning on counseling data provides meaningful gains regardless of
method choice.

Both proposed methods outperform FedAvg on Counseling Qual-
ity and Personalization, with gains concentrated on Non-IID clients
(C·Non-IID 7.22 and 7.29 vs. 7.06; P·Non-IID 6.12 and 6.21 vs. 5.82).
The modest drop in SFA’s IID metrics is expected: IID clients rely
on the global adapter alone, while Non-IID clients receive full dual-
adapter personalization. Both methods match or reduce FedAvg’s
upload cost (35.2 MB for HA-DualLoRA and 10.6 MB for SFA vs. 35.2
MB for FedAvg) but incur higher compute (394–373 seconds/round
vs. 308 seconds), a tradeoff justified by the personalization gains
on the clients that need it most.

SFA achieves the highest Non-IID Counseling Quality (7.29) and
Personalization (6.21) of all methods, matching the strongest base-
line Dual LoRA overall (C·All: 7.21 vs. 7.22; P·All: 6.09 vs. 6.08), while
reducing communication cost by 70%. Excluding Non-IID clients
from aggregation removes gradient drift while freeing them to spe-
cialize locally, turning a federation liability into a personalization
and efficiency asset.

7 Ablations
Table 2 varies the IID/Non-IID client ratio to evaluate consistency
across federation compositions. Both proposed methods outper-
form FedAvg on Counseling Quality and Non-IID Personalization at
every ratio tested. SFA leads both metrics at most ratios, only trail-
ing HA-DualLoRA at 3/7 Counseling Quality. This demonstrates
that gains over FedAvg are not specific to the 3/7 split.

Table 3: Psych8K [11] generalization (seed 42). C =Counseling
Quality; P = Personalization. Underlined = best per column.
Client 7 excluded (0 training examples under Dirichlet 𝛼 =

0.01 on Psych8K’s smaller dataset; production systems should
enforce a minimum sample threshold per client).

Method C·All C·Non-IID P·All P·Non-IID

FedAvg 6.01 6.00 5.27 5.29
HA-DualLoRA 6.02 6.09 5.39 5.47
SFA 5.98 6.07 5.31 5.39

Table 4: HA-DualLoRA sensitivity to epochmultiplier𝑚 (seed
42;𝑚=1.0 canonical). C = Counseling Quality; P = Personal-
ization. Underlined = best per column.

Multiplier𝑚 C·All C·Non-IID P·All P·Non-IID

Low (𝑚 = 0.5) 7.25 7.27 6.13 6.16
Canonical (𝑚 = 1.0) 7.27 7.32 6.18 6.26
High (𝑚 = 1.5) 7.23 7.28 6.13 6.21
High (𝑚 = 2.0) 7.27 7.30 6.17 6.22

Table 3 shows that trends from MentalChat16K hold on Psych8K
with narrower margins. HA-DualLoRA leads across all metrics; SFA
dips slightly below FedAvg on overall Counseling Quality but gains
on Non-IID metrics at lower upload cost (11.7 MB), likely due to
limited per-client data under the same Dirichlet split.

Table 4 reports sensitivity to the epoch multiplier𝑚 (single-seed;
deviations from Table 1 reflect seed variance). Increasing𝑚 beyond
1.0 does not consistently improve Non-IID Personalization and
slightly hurts IID clients, suggesting𝑚 = 1.0 as a stable default.

8 Discussion
Compute and communication overhead. Proposed methods

incur a 21–28% compute overhead over FedAvg, justified by con-
sistent gains in Counseling Quality and Non-IID Personalization.
Communication cost is more consequential since it scales with fed-
eration size. Thus SFA’s 70% upload reduction directly supports
sustainable adoption in resource-constrained healthcare settings.
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Limitations and FutureWork. This study is a proof of concept
under controlled conditions: 10 clients, 10 rounds, a 0.5B model, two
seeds, a single LoRA rank, and Dirichlet partitioning. Larger-scale
studies with more diverse heterogeneity structures are needed to
validate real-world performance. We assume server-side knowl-
edge of topic distributions, which future work should relax by
exploring fully decentralized heterogeneity estimation. We rely on
LLM-judge scoring, including an 8th Personalization metric not
validated against clinical judgment [5]. Structured clinical evalu-
ation protocols and human-in-the-loop safeguards are therefore
essential before any deployment. This is particularly important to
address hallucination and inappropriate response risks. Finally, this
work is a simulation, and meaningful societal impact requires ac-
tual deployment in clinical settings. However, technical feasibility
alone does not ensure adoption. It demands careful system design
beyond the FL algorithm itself: how audio or text transcripts are
recorded, stored, and preprocessed while respecting patient consent
and regional privacy regulations. Scalable deployment therefore
requires transparent governance and incentives mutually beneficial
to clinicians, institutions, and users.

9 Conclusion
We presented the first systematic study of federated fine-tuning of
mental health counseling LLM in Mixed IID/Non-IID federations,
a setting common in healthcare but neglected in the existing FL
methods. Our key finding is that treating IID and Non-IID clients dif-
ferently within the same federation yields consistent gains over uni-
form approaches. Selective Federated Aggregation (SFA) emerges as
the strongest overall method, achieving the highest Non-IID Coun-
seling Quality and Personalization while reducing upload cost by
70%. This makes it practically compelling for resource-constrained
clinical settings. HA-DualLoRA’s heterogeneity-aware epoch adap-
tation further improves Non-IID Personalization over standard Dual
LoRA, with the dual-adapter architecture itself as the primary per-
formance driver. This study is a step toward the deployment of
federated counseling LLM systems that can extend quality mental
health support to those unable to access professional care.
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