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Abstract

Privacy-preserving adaptation of Large Language Models (LLMs) in sensitive do-
mains (e.g., mental health) requires balancing strict confidentiality with model
utility and safety. We propose FedMentor, a federated fine-tuning framework
that integrates Low-Rank Adaptation (LoRA) and domain-aware Differential Pri-
vacy (DP) to meet per-domain privacy budgets while maintaining performance.
Each client (domain) applies a custom DP noise scale proportional to its data sen-
sitivity, and the server adaptively reduces noise when utility falls below a thresh-
old. In experiments on three mental health datasets, we show that FedMentor
improves safety over standard Federated Learning without privacy, raising safe
output rates by up to three points and lowering toxicity, while maintaining utility
(BERTScore F1 and ROUGE-L) within 0.5% of the non-private baseline and close
to the centralized upper bound. The framework scales to backbones with up to
1.7B parameters on single-GPU clients, requiring < 173 MB of communication
per round. FedMentor demonstrates a practical approach to privately fine-tune
LLMs for safer deployments in healthcare and other sensitive fields.

1 Introduction

Mental health arises from interacting cognitive, affective, and behavioral processes that shape in-
dividual functioning and societal stability. Demand for scalable support has accelerated interest in
LLMs for conversational assistance [ [2, [3]. Deployment remains challenging due to strict privacy
requirements, limited interpretability, and legal constraints under HIPAA and GDPR [4} 15, |6, [7].
User inputs may include explicit self harm ideation or other clinical signals that require strong con-
fidentiality (e.g., [self-harm ideation example]). These concerns make it difficult to use traditional
centralized training methods on sensitive user data, highlighting the need for privacy-preserving and
communication-efficient techniques for adapting LLMs in healthcare settings.

There is growing interest across the Al and healthcare communities in developing trustworthy and
scalable mental health chatbots that can provide rapid, accessible, and confidential psychological
support. In 2019, mental disorders affected about 970 million people worldwide, or one in eight
individuals [8]. Conversational agents powered by large language models have since emerged as
promising tools for supporting mental well-being at scale [9]. The global market for mental health
chatbots, valued at $0.99 billion in 2022, is projected to grow to $6.51 billion by 2032, underscoring
strong clinical and commercial demand [9]. At the same time, deploying LLMs in this setting
raises critical challenges in privacy protection, legal compliance, and efficient communication and
computation for personalized care [10}16,[7]]. These challenges have motivated research into privacy-
preserving learning, parameter-efficient adaptation, and federated methods tailored for high-risk
domains such as mental health, where user trust and confidentiality are essential.
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Figure 1: FedMentor pipeline. The server freezes the backbone and initializes LoRA adapters,
layer scales, domain privacy budgets, and a utility threshold. Each round it broadcasts the current
adapters; clients train LoRA on local data, add Gaussian noise per budget 4, and return noised
adapters with a utility signal. The server aggregates with FedAvg and reduces noise when utility
< 7. After R rounds the model is the frozen backbone plus learned LoRA adapters.

To investigate privacy and communication challenges in adapting LLMs to sensitive mental health
domains, we present FedMentor, a federated framework that assigns domain-aware Differential
Privacy budgets and fine-tunes only LoRA adapters, aggregated with FedAvg [11], to achieve pri-
vate adaptation while preserving utility and fairness under heterogeneity. The overall architecture
is shown in Figure [, FedMentor is designed for scenarios that demand distinct privacy guar-
antees across domains and where non-IID data can introduce drift and unequal outcomes. We
evaluate the framework on three datasets (Dreaddit [12], IRF [13], MultiWD [14]) and five back-
bones (MobileLLM-ParetoQ-350M [15]], SmolLM?2 (360M and 1.7B) [16], and Qwen3 (0.6B and
1.7B) [17]). FedMentor improves safety with minimal loss in utility: for instance, on MultiWD
the Toxicity Safe Rate rises by two points while toxicity decreases from 2.92 to 1.98 (Table I)), and
BERTScore F1 [18] and ROUGE-L [19] remain close to standard FL and near the centralized upper
bound. Client-level relevance remains consistent across domains, and efficiency is achieved by com-
municating only adapter weights through LoRA, keeping computation and bandwidth feasible for
single-GPU clients. To the best of our knowledge, this is the first study that combines domain-aware
Differential Privacy [20, 21] with federated LoRA fine-tuning for large language models in mental
health.

‘We summarize the main contributions of this work as follows:

* Domain-aware private adaptation for mental health. We formulate a federated LoRA ap-
proach with per-domain (e, ) that protects sensitive mental health text while preserving task
utility. FedMentor raises safety (e.g., +2 percentage points Toxicity Safe Rate with lower toxic-
ity) and keeps BERTScore F1 and ROUGE-L close to FL and near centralized training.

* Robustness to non-IID heterogeneity. We demonstrate stable utility and fairness across Dread-
dit, IRF, and MultiWD, with per-client relevance closely aligned and no domain collapse. An
adaptive noise mechanism maintains performance under strict budgets for sensitive domains.

¢ Practical efficiency via adapters. By exchanging only LoRA adapters, FedMentor reduces
communication and memory enough to train backbones up to 1.7B parameters on single-GPU
clients, enabling deployment in resource-constrained healthcare settings.



2 FedMentor foundations: problem and notation

We consider a Federated Learning setting with K distributed clients, where each client k£ €
{1,..., K} holds a private mental health dataset D}, from domain dj, € {IRF, Dreaddit, MultiWD}.
The objective is to collaboratively fine-tune a global language model M gjqpa1 While ensuring privacy,
leveraging domain heterogeneity, and maintaining computational efficiency.

The optimization problem seeks optimal LoRA adapters that minimize the weighted empirical risk:

AWLORA = arg Arvrtl/lﬂm Z ||Dk|| ‘Ck efrozen + AWLORA; Dk>7 (])

where |D| = Zfil |D,| and Ofozen denotes the frozen backbone parameters.
This optimization operates under three critical constraints:

Privacy constraint. Each client update must satisfy Differential Privacy (DP) [20]:

2
<k
AW oga = AWE e + N (0, <‘”) I) . satisfying (¢4, ,)-DP 2)
Edk
where 4, € {0.5,1.5,2.0} with IRF = 0.5 (high sensitivity), Dreaddit = 2.0 (medium), and
MultiWwD = 1.5 (low to medium); smaller € indicates stronger privacy for more sensitive domains
(e.g., interpersonal risk factors).

Utility and heterogeneity constraints. The global model must maintain clinical viability:
U (Mgiobal) > T, Vm € {BERTScore, SafeRate, Relevance, Perplexity } 3)

where 7, represents minimum acceptable thresholds for safe deployment. At the same time, het-
erogeneity arises from domain shifts:

Py, (z,y) # Pa,(x,y), Yi#j, di,d; € {IRF,Dreaddit, MultiWwD}. @)

Instead of treating heterogeneity as a limitation, our formulation leverages complementary distribu-
tions to improve robustness and cross-domain generalization.

Efficiency constraint. Low-Rank Adaptation enables scalable deployment by reducing computation
and communication costs:

AW = BA, BeR™ AcR™ < min(d k) (5)

This decomposition reduces trainable parameters from O(dk) to O(r(d + k)). For communica-
tion, if IV denotes the total backbone parameters, the transmission cost is reduced by a factor of
w ~ 1073, which enables practical deployment on resource-constrained clinical devices
while maintaining model expressiveness.

3 FedMentor framework

FedMentor combines Federated Learning (FL) [[11], Low-Rank Adaptation (LoRA) [22], and
domain-aware Differential Privacy (DP) [20l 23] 24} 25] to enable scalable, privacy-preserving fine-
tuning of LLMs for mental health applications. Unlike traditional FL approaches that transmit full
model weights, FedMentor leverages lightweight LoRA updates with client-side noise injection.
Algorithm [T|outlines the training process.

3.1 Client training

Each client k£ maintains dataset Dy, = D" U D} where D" N D} = (). During local training,
client £ receives global LoRA weights AWL(;R_ Al ) and attaches them to the frozen backbone. For

eachepoch e € {1,..., E} and minibatch b C D", parameters update via:

AW ipa = AWfira = 1 - Vaw L£(Opozen + AW pa: b) (6)



where 7) is the learning rate and L is the cross-entropy loss. Notably, only the LoRA weights (typi-
cally < 1% of model parameters) are trained, while the backbone remains frozen.

Client-side privacy. To guarantee user-level privacy, clients apply noise before transmission. After
local training, for every parameter p € AW,ET):

2
W) = AW + N (0, <(”(p)> I) : (7)

Edy

where o;(p) is parameter-specific noise scale and ¢4, follows domain sensitivity from Equa-
tion 2l This implements a Gaussian mechanism with (g4(1), 0)-Differential Privacy, ensuring all
raw weights and local data remain private.

Layer- and adapter-aware noise calibration. Noise scales are adapted to reflect the relative
sensitivity of parameters to perturbation. We classify LoRA weights by their network position,
setting o;(w) = 0.01 - a(w) for early layers, o;(w) = 0.008 - a(w) for middle layers, and
o(w) = 0.005 - a(w) for late layers, where a(w) = 1.2 for LORA-A matrices and a(w) = 0.8
for LoORA-B matrices. This scaling reflects empirical observations that early layers and LoRA-A
adapters are more sensitive to perturbations, while late layers and LoRA-B adapters are more ro-
bust.

Domain-specific privacy implementation. Combining layer-aware noise calibration with domain
sensitivity (from Equation [2), the complete privatized update becomes:
~ k . .
AW popa = AWipa + N(O’ (M)QI) 3)

Edk
where €4, follows the domain-specific budgets defined in the privacy constraint.

Utility-aware adjustment. To maintain task quality, FedMentor tracks proxy metrics (e.g.,
BERTScore-F1, safety, relevance). If aggregate utility at round r falls below threshold 7, noise
scales are reduced:

o(w) < a-o(w), ac(0,1). )

This privacy—utility feedback loop allows FedMentor to dynamically trade off noise magnitude
against task-specific clinical utility.

3.2 Server aggregation

The server aggregates noised client updates {AWﬁoR A}szl using dataset-weighted FedAvg [[L1]:
K .
. -k Dtram
AWL(OI){A = Zak AW/ ras ok = 7; . Lain (10)

where AWp,ra represents the collection of all LoRA matrices {I/Vlglr)a A> VV]E)Q@\ B}le across L
adapted layers, with each matrix aggregated independently. - -

The global model update combines the frozen quantized backbone with aggregated LoRA weights:

Méi"o)bal = @baCkbone + AWIEZ)?(A (1 1)

3.3 Communication efficiency

FedMentor transmits only LoRA adapter weights rather than full model parameters. The communi-
cation cost per client is:
CommCost = O(r - >_(diy) +d{)) (12)
l
where r is the LoRA rank and the sum is over all adapted layers. With typical LoRA configurations
(r € {8,16}) applied to models with billions of parameters, this achieves over 99% compression.

For instance, adapting a 1.7B parameter model with rank-16 LoRA requires transmitting only ~2.3
MB versus ~6.8 GB for the full model [22].



Algorithm 1 FEDMENTOR: Domain-aware DP LoRA for heterogeneous Federated LLMs

Input: Datasets {Dj }X_,, domains {d}1< |, rounds R, epochs E, learning rate 7, privacy budgets
{e4}, thresholds {r,,}

Output: Global model ME = (Ofrozens AWIE;?{)A)

I: Server Initialization:
2: MO = = (Ofrozen; AWLoR A) > 4-bit backbone + LoRA weights
3: al = ClassifyLayers(AW,'%),) > Layer-importance for LORA
4: B := {IRF: 0.5, Dreaddit : 2.0, MultiWD : 1.5} > Domain budgets
5: for round r =1 to R do
6: Broadcast LoRA weights AWL(;; Al ) to all clients > Server-Update
7: for client & € {1,..., K} in parallel do > Client-Update
8: Attach received AWL(:R A} ) to frozen Oyozen
9: for epoche =1to E do > Train LoRA only
10: for batch b C D" do
11: Update: AWE o\« AWE o — 1V AW L(Ofrozen + AWE 43 b)
12: end for
13: end for
14: e = By, > Get domain privacy budget
<k
15: Add noise: AW g < AWE 1 +N(0, (07/21)21)
k
16: Send noised LoRA weights AWLoR A to server
17: end for
~ K
18: Collect {AW/ ora HE | from clients > Client Aggregation
. ( Dll amn
19: AWLoRA — Zk 1 Zl ID“L“I AWLoRA > FedAvg
20: Iti,, <, for any m: o; < 0.8 - 0y > Adapt noise
21: Update budget: B, < By — 0.1¢4 for each domain d
22: end for

23: return M%) with final LoRA weights AWEQ "

4 Experiment settings

Datasets. We evaluate FedMentor on three mental health datasets: Dreaddit [12] for stress de-
tection, Interpersonal Risk Factors (IRF) [13] for Thwarted Belongingness (TBe) and Perceived
Burdensomeness (PBu), and MultiWD [14] for multi-label wellness prediction. Together, these
corpora cover complementary tasks and form a natural non-IID benchmark across domains. Regula-
tory requirements under HIPAA and GDPR restrict centralized collection, and lengthy institutional
approvals further limit access, producing small, fragmented datasets [26| 27, 5]. Prior FL work mit-
igates performance degradation from heterogeneity with methods such as SCAFFOLD [28]], Fed-
Nova [29], and Adaptive FedOpt [30]. We adopt a domain-aware FL setting in which each dataset
defines a client domain and use this setting to evaluate FedMentor under heterogeneous conditions.
Detailed dataset statistics and preprocessing appear in Appendix [B.T]

Models. FL places tight limits on client compute, memory, and upload bandwidth; therefore, we
adopt compact LLM backbones. We fine-tune five lightweight models from 350M to 1.7B param-
eters: MobileLLM-ParetoQ-350M [15]], SmolLM2 (360M and 1.7B) [[16], and Qwen3 (0.6B and
1.7B) [17]. These backbones integrate quantization and distillation to enhance efficiency, enabling
deployment on edge devices and GPUs with limited memory. Their compact size further supports
faster client-level fine-tuning and inference, which is critical under the resource and communica-
tion constraints of FL [31} |32, [33]]. To ensure fairness, FedMentor and all baselines are evaluated
on identical model architectures so that observed differences arise solely from training strategies.
Additional architectural details are provided in Appendix

Baselines. We compare three setups under identical backbones and LoRA ranks (here, w/o denotes
without). (i) Centralized (w/o FL, w/o DP): pool all datasets and fine-tune a single LoRA adapter
on the combined corpus, providing an optimistic upper bound. (ii) Federated with LoRA (w/o



Table 1: Performance of LLM backbones under different training setups on Dreaddit, IRF, and
MultiWD. The table reports Zero-Shot (ZS) and Few-Shot (FS) results for Safe Rate (SR = TSR),
Toxicity mean (Tmn), BERTScore F1 (B-F1), ROUGE-L (R-L), and Relevance (REL). Centralized
denotes fine-tuning on combined data (upper bound), FL (w/o DP) refers to FL without DP, and
FedMentor applies domain-aware DP. In the FL setting, each dataset is treated as a single client to
reflect domain heterogeneity. All metrics are in % (7 higher is better; | lower is better).

Setting Method SR (%) Tmn(%)] B-F1(%)1 R-L(%)® REL (%)%

ZS FS 7S FS ZS FS YA FS ZS FS

Dreaddit

ParetoQ-350M 98.0 985 1.16 0.70 832 86.1 625 133 235 182
Central Qwen3-0.6B 995 910 0.67 5.04 83.0 843 583 930 383 91.6
Qwen3-1.7B 995 90.0 049 507 834 843 638 883 360 913

FL ParetoQ-350M 99.0 99.0 0.76 090 824 824 330 3.12 225 225
(w/o DP) Qwen3-0.6B 920 93.0 243 220 825 825 378 381 658 655
Qwen3-1.7B 93.0 93.0 235 252 824 824 403 407 629 624

ParetoQ-350M 94.0 98.0 232 128 825 824 291 329 226 237
Qwen3-0.6B  92.0 93.0 223 219 825 825 382 378 663 66.1
Qwen3-1.7B 93.0 92.0 229 266 824 824 405 407 629 62.7

FedMentor
(FL w/ DP)

IRF

ParetoQ-350M 98.0 96.0 1.04 221 832 853 489 119 267 31.0
Central Qwen3-0.6B 925 660 425 17.0 832 837 429 672 435 926
Qwen3-1.7B 96.5 655 100 168 838 83.8 490 7.75 284 922

FL ParetoQ-350M 94.0 96.0 127 252 825 825 336 350 239 254
(wlo DP) Qwen3-0.6B 780 78.0 836 844 82.1 821 380 378 706 713
Qwen3-1.7B 79.0 780 797 833 820 8.0 381 383 685 689

ParetoQ-350M 95.0 92.0 1.71 347 824 824 3.03 327 253 240
Qwen3-0.6B  77.0 78.0 853 844 821 821 379 382 69.8 714
Qwen3-1.7B 780 79.0 837 8.18 820 82.0 382 385 68.0 682

FedMentor
(FL w/ DP)

MultiwD

ParetoQ-350M 96.0 945 225 278 83.0 846 500 7.06 255 27.0
Central Qwen3-0.6B 955 66.5 278 179 84.1 828 577 521 270 885
Qwen3-1.7B 985 67.0 131 172 837 827 650 4.61 234 88.1

FL ParetoQ-350M 95.0 93.0 226 292 824 823 357 339 243 242
(w/o DP) Qwen3-0.6B  80.0 80.0 591 586 820 82.0 334 338 709 702
Qwen3-1.7B 80.0 80.0 557 566 819 819 343 342 683 683

ParetoQ-350M 95.0 950 1.68 198 823 824 331 376 235 229
Qwen3-0.6B  79.0 80.0 6.03 6.25 82.0 82.0 339 337 69.8 70.7
Qwen3-1.7B 79.0 81.0 630 6.03 819 819 339 344 68.7 68.1

FedMentor
(FL w/ DP)

DP): run FedAvg with frozen backbones and client-specific LoORA adapters; the server aggregates
adapter parameters using averaging weighted by data size to isolate decentralization effects. (iii)
Federated LoRA under domain-aware DP (FedMentor): clients allocate domain-specific privacy
budgets with layer- and adapter-specific noise scaling; the server performs FedAvg over noise-added
adapters and reduces noise when utility proxies fall below thresholds. Full baseline configurations

appear in Appendix

Evaluation metrics. We evaluate centralized models with toxicity mean and max, safe rate [34]],
BERTScore F1 [18], relevance [35], ROUGE-L [[19], and perplexity [36]. In federated settings we
report toxicity mean, safe rate, BERTScore F1, relevance, and ROUGE-L. With DP we additionally
track domain sensitivity, training time, final losses, memory, adapter size, and round-level averages
including communication overhead measured by LoRA updates. Appendix [B.4] provides a detailed
account of the evaluation metrics.

Prompt construction. We use two prompting protocols to ensure consistent evaluation across
datasets and models. Zero-shot evaluation [37] tests instruction following without the use of in-
context examples, relying only on task instructions. Building on this, few-shot evaluation [38 39]
performs supervised LoRA adaptation on each client under domain-aware Differential Privacy with
FedAvg aggregation, and inference reuses the same wrapper employed in the zero-shot setting. Full
templates, wrappers, and examples appear in Appendix [B.5]



Table 2: Efficiency comparison of LLM backbones Cross-dataset consistency (FS): FL/ ROUGEL
under FedMentor. Columns report adapter size

0.040

ParetoQ

(Adpt), communication per round (Comm), peak (asom)

. . . 0.038
GPU memory (Mem), and training time per round
(Time). o
Model Adpt (MB) Comm (MB) Mem (GB) Time (min) 0.034

Global summary (aggregated) R - 0.04
0.032

ParetoQ-350M  16.56 49.69 3374 7.64 p ——
Qwen3-0.6B 38.50 110.00 77.86 10.78
Qwen3-1.7B 66.50 172.90 71.86 11.37 Cross-dataset consistency (FS): FedMentor / ROUGE-L

Per-dataset breakdown (Client centric) 0.040
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MultiwD Figure 2: Cross-dataset consistency (FS,
ParetoQ350M  16.56 49.69 33.74 7.64 ROUGE-L) under FL (top) and FedMen-
Qwen3-0.6B 38.50 110.00 76.70 11.37 tor (bottom).
Qwen3-1.7B 66.50 172.90 77.86 12.25

5 Main results

Privacy and safety. FedMentor enforces strict per-domain DP while achieving safer outputs and
nearly the same utility as non-private FL (Table [T). Across Dreaddit, IRF, and MultiWD, TSR in-
creases and toxicity decreases, while BERTScore F1 and ROUGE-L shift only slightly. On MultiWD
(few-shot, ParetoQ-350M), TSR improves from 93.0% to 95.0% and mean toxicity drops from 2.92
to 1.98. On IREF, the strictest privacy domain, FedMentor achieves 92% safe outputs versus 96%
for FL and keeps BERTScore F1 and ROUGE-L within 0.1 to 0.2 of the no-DP baseline. Scaling
up, FedMentor with Qwen3-0.6B matches the FL safe rate (=93%) with identical BERTScore F1,
and with Qwen3-1.7B the remaining utility gap narrows further. Overall, FedMentor provides per-
domain private training that improves safety over vanilla FL. and approaches the centralized upper
bound; Appendix [C|reports consistent trends for SmolLM2-360M/1.7B.
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Figure 3: ParetoQ-350M: (a) REL and (b) B-F1 with TSR under Baseline, Static, and Uniform. Qwen3-1.7B:
(c) € ablation of B-F1, TSR, and REL on global evaluation and on Dreaddit, IRF, and MultiWD. All panels
report the final global model after 8 rounds (2 local epochs per round).

Utility under heterogeneity. FedMentor sustains competitive utility on non-IID data, and few-shot
fine-tuning consistently outperforms zero-shot prompting. In Table[T] under few-shot training Fed-
Mentor’s performance closely matches FL. without DP: for example, on Dreaddit the FedMentor
BERTScore F1 and ROUGE-L are within 0.1 and 0.2 of the no-DP FL values, and safe rate remains
high (98% vs 99%). Few-shot adaptation yields clear gains over zero-shot across all models. In par-
ticular, relevance and BERTScore improve by roughly 1-3 points with few-shot training compared
to zero-shot (e.g., IRF relevance rises from 69.8% to 71.4% under FedMentor with Qwen3-0.6B).
We observe no domain collapse: Figure[2]shows only modest variation across datasets. Furthermore,
at the client level FedMentor exhibits consistent behavior with FL: Figure [6] (Appendix [C) shows
per-client relevance scores overlapping (within +1%), indicating uniform utility across clients. Al-



though absolute metrics are lower without fine-tuning, the relative gap between FedMentor and FL.
remains stable, reinforcing that strong privacy comes at minimal utility cost under heterogeneous
data.

Table 3: Client fairness after 8 federated rounds (ParetoQ-350M). Budgets are reported as D/I/M
where D = Dreaddit, I = IRF, and M = MultiWD. IRF Sensitivity varies only the IRF budget; Dread-
dit and MultiWD are fixed at 2.0 and 1.5. Metrics in % (1 higher is better; | lower is better).

Privacy Strategy Target Scope eg0, Budgets (D/I/M) o T TSR mean TSRmin TSRmax TSRstd Spread
Baseline SD;’;‘C”‘" ~ 20/05/15 derived - 97.33 94 100 2.49 6
Domai fixed 2.0/0.1/15 derived - 78.33 66 88 9.18 22
IRF Sensitivity ¢ ":c‘a‘“ fixed 2.0/0.5/15 derived - 75.33 57 90 13.72 33
pec: fixed 2.0/1.0/15 derived - 77.33 70 86 6.60 16
Static Noise Global - - 0=0.008 - 87.33 80 98 772 18
Uniform Privacy ~ Global 1.0 - derived - 99.67 99 100 0.47 1
Utility Threshold  Global - - - E’f(l) 74.67 65 85 818 20

Practical efficiency. FedMentor satisfies practical ef- Taple 4: Per-round client memory us-
ficiency requirements in communication, memory, and age for Qwen3-1.7B under the IRF e-
speed on single-GPU clients. Table 2] reports compact sensitivity test with e = 1.0. The sweep
LoRA updates: 16.56 MB for ParetoQ-350M, 38.50 MB  yaries only the IRF domain privacy bud-
for Qwen3-0.6B, and 66.50 MB for Qwen3-1.7B. With get, while Dreaddit and MultiWD re-
three clients, this translates to only about 49.7MB, main fixed at 2.0 and 1.5, respectively.

110.0 MB, and 172.9 MB communicated per round, since
only adapters (not full model weights) are exchanged. Round Client 0 (GB) Client1(GB) Client 2 (GB)
Peak memory per client remains about 33.7 GB for the

350M model and 77.9 GB for the Qwen3 models, within | »yus S o
a single 80 GB GPU; per-round Qwen3-1.7B memory for 2 25.98 27.16 28.35
the IRF ¢ sweep in Table [4] shows all clients below the 3 29.54 30.72 31.91
device limit. Average round time (two local epochs, three ‘5‘ zzég ;‘7‘2(5) ;ggg
clients) is 7.6, 10.8, and 11.4 minutes for the 350M, 0.6B, 6 40.22 4141 42.50
and 1.7B backbones. Dataset trends follow size: IRF 7 4378 44.97 46.16

is fastest (3.96 min at 350M), Dreaddit is intermediate,
and MultiWD is slowest (up to 12.3 min at 1.7B). Communication cost is constant across datasets
(50-173 MB) as it depends on model size only. Together with Table [T} these results indicate low
overhead and practical training times.

6 Ablation studies

Uniform privacy. Uniform Privacy applies a single global privacy budget to all domains. In Fig-
ure [3p—b and Table 3] this choice markedly improves fairness in safety: with a uniform e=1.0, the
Toxicity Safe Rate (TSR) concentrates at ~99—100% and the client spread contracts to 1% (vs. 6%
under the domain-specific baseline). In contrast, the Static Noise variant shows lower average safety
(87.33% TSR) and a larger spread (18%). The utility-gated variant with 7=0 yields the lowest
safety (74.67% TSR). BERTScore F1 and REL remain close to the baseline across settings, indicat-
ing that the fairness gains from a uniform budget come with only modest utility change. All panels
in Figure [3|report the final global model after 8 rounds.

Static noise. We ablate adaptive noise by fixing the noise scale across rounds. Table |3 shows that
Static Noise reduces safety and increases disparity: TSR drops to 87.33% and the client spread
widens to 18% (baseline 97.33%, spread 6%). The rightward bars in Figure [3p—b align with this
trend, reflecting weaker safety and utility than the domain-aware and uniform settings. The result
indicates that dynamic privacy control is beneficial for cross-domain balance, whereas a fixed noise
schedule amplifies inter-client gaps without yielding compensatory gains.

IRF € sweep. We vary only the IRF domain budget while holding Dreaddit and MultiWD fixed
(Figure [3c; Table [5). For Qwen3-1.7B, tightening privacy from e=1.0 to e=0.1 increases safety
(TSR 81.33% — 92.00%) with a small B-F1 change (80.33% — 82.40%) and a modest REL shift
(64.78% — 62.70%). For ParetoQ-350M, REL remains low across the sweep (about 5%), and TSR
varies between 75.33% and 78.33%. These trends indicate that stronger IRF privacy can raise safety



for larger models with limited utility loss, whereas smaller backbones display nearly constant utility
under the same adjustments.

See Appendix[D.T]|for the utility-threshold ablation and Appendix [D.2]for per-client memory scaling
across rounds.

7 Related work

LLMs in mental health. LLMs are rapidly adopted for mental health applications, supporting
tasks such as condition detection, diagnosis, and therapeutic dialogue [40, |41} [1} 12} 42} 43| 144] 45|
46, 47]. While these systems demonstrate strong potential for supportive interaction, most current
approaches are centralized and depend on aggregating sensitive dialogue data. Such data are scarce
due to confidentiality concerns, and strict regulations, including HIPAA and GDPR, further constrain
sharing [48],149,150]. As a result, datasets are often small and biased, which limits the robustness and
generalization of models.

These limitations reveal a critical privacy-utility trade-off that existing LLM methods rarely address,
reducing their feasibility in real-world clinical contexts [S1} 152} 153, 54]. FedMentor addresses this
challenge by integrating Federated Learning with domain-aware Differential Privacy, enabling col-
laborative training without centralizing data. This framework allows models to learn from sensitive
mental health texts while preserving confidentiality, thereby enhancing both trust and clinical appli-
cability.

FL for mental health. FL has demonstrated performance 1able 5: IRF & sweep with
comparable to centralized training while satisfying strict pri- Other DP hyperparameters  fixed.
vacy regulations such as HIPAA and GDPR [55] 56, [57]. By Global summary of Toxicity Safe
training directly on decentralized data, FL is well-suited for Rate (TSR), Relevance (REL), and
mobile health and multi-clinic settings. In mental health, BERTScore F1 (B-F1) after 8 fed-
FedTherapist [58] leverages on-device FL with speech and erated rounds across 3 datasets.
keyboard signals to track depression, stress, and mood, and Metrics in % (T higher is better; 1
FedMood [59] introduces a multi-view framework for depres- 10Wer is better).

sion diagnosis using heterogeneous mobile health data. These

studies, along with work on mobile sensing, electronic health Method TSR REL B-F1
records, and multi-institutional collaboration, demonstrate the €=0.1
potential of FL for sensitive mental health applications [60]. ParetoQ-350M 783 52 78.0
Qwen3-0.6B 837 69.4 822
Building on these foundations, recent work has extended FL Qwen3-1.7B 92.0 627 824
to LLMs for conversational and diagnostic support. FedMen- e=0.5
talCare [6_1] combipes FL with LORA to fine tune lightweight ParctoQ350M 753 49 78.1
LLMs while reducing communication costs. However, many Qwen3-0.6B 837 69.4 822
methods assume homogeneous data and only partly address Qwen3-17B 920 627 824
scalability and efficiency. We introduce FedMentor, which e=1.0
enables heterogeneous FL through explicit domain modeling, ParetoQ-350M 773 5.1 78.0
LoRA-based communication reduction, and domain-aware Qwen3-0.6B 837 69.4 822

Differential Privacy for practical and privacy-preserving LLM Qwen3-1.78 813 648 80.3

fine tuning in mental health.

Extended discussion of Differential Privacy in FL appears in App. [A]

8 Conclusion

We presented FedMentor, a federated fine-tuning framework that combines domain-aware Differ-
ential Privacy with LoRA adapters for sensitive mental health use. Across heterogeneous domains,
FedMentor improves safety while keeping utility close to non-private Federated Learning and near
centralized training. Practicality follows from communicating adapter weights only, which keeps
memory and bandwidth within single GPU budgets. Ablation studies show that domain-specific
budgets and adaptive noise control are essential, since removing either lowers accuracy and widens
client-level disparities. This study has limits: a restricted set of datasets, no explicit audit of demo-
graphic or linguistic bias, and reliance on automatic metrics without clinician review. Future work
will scale to larger and more diverse federations, incorporate clinician-in-the-loop and multilingual
evaluation, and extend fairness analyses to identify and mitigate potential biases.
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A Additional related work

Differential privacy in FL. Differential privacy (DP) has become a standard approach for protecting
sensitive data in ML, including FL [20} 21} 62} 24]. Applying DP in practice, however, remains
difficult, particularly in mental health settings. Traditional methods that uniformly clip gradients and
add noise to updates often degrade performance in healthcare, where datasets are small and signals
are fine-grained [63]]. Although DP has been studied in areas such as electronic health records and
medical imaging, its application in mental health remains limited, with only a few recent studies
exploring privacy-by-design strategies [64, 65, 166]. Recent research further highlights that not all
model components or data are equally sensitive, motivating personalized and domain-aware DP
strategies that adapt privacy to data characteristics [67}168,169, 70\ 71]]. In LLMs, parameter-efficient
methods such as DP-LoRA [72] reduce risk and communication costs by perturbing only low-rank
adapter updates. However, most approaches still adopt a one-size-fits-all noise and overlook the
unique sensitivities of mental health text. To overcome this limitation, we introduce FedMentor, a
framework that integrates domain-aware DP with heterogeneous federated learning to provide strong
privacy guarantees while preserving clinical utility.

B Additional experiment settings

B.1 Dataset details

* Dreaddit [12] is a Reddit corpus for stress detection with 3,553 text segments labeled as
stressed or not stressed. We use the official splits, add a 10% stratified validation set, and
frame the task as supportive-response generation with stress-sensitive instructions. Labels are
retained for monitoring and prompt-target selection.

* IRF [13] contains 3,522 posts annotated for Thwarted Belongingness and Perceived Burden-
someness. We follow the original splits and map the multi-label annotations to a binary indi-
cator of interpersonal risk, aligning with our generation objective. Labels are used for utility
tracking and evaluation.

e MultiWD [[14] provides 3,281 Reddit posts annotated with six wellness dimensions. We form
a 10% validation set, apply minority upsampling to balance classes, and reduce the labels to a
binary indicator for supportive-response monitoring while retaining per-dimension information
for conditioning and evaluation.

Each dataset is assigned to a distinct client, forming a natural non-IID configuration with domain-
specific shifts. Preprocessing removes empty rows, standardizes text fields, and coerces labels to
0, 1, supporting a uniform generation-centric framing across stress, interpersonal risk, and wellness.

B.2 Model specification

MobileLLM-ParetoQ (350M) [15]. MobileLLM targets on device efficiency with a deep thin
Transformer, embedding tying, grouped query attention, and blockwise weight sharing. ParetoQ
adds sub 4 bit quantization with quantization aware training and learnable scaling. In FedMentor,
we load 4 bit NF4 with bf16 compute and fine-tune only LoRA adapters (rank 8), producing very
small adapter states. Domain aware DP is applied directly to adapters, which keeps privacy cost and
per round communication low.

SmolLM2 (360M and 1.7B) [16]. SmolLM2 uses a data centric multi stage pipeline and efficient
components such as RMSNorm, rotary embeddings, and gated feed forward layers. In FedMentor,
we freeze the backbone, attach LoRA adapters (rank 16), quantize to 4 bit NF4 with bf16 com-
pute, and aggregate noised adapters with FedAvg. Utility-guided noise reduction maintains clinical
metrics while preserving low-bandwidth through compact adapter updates.

Qwen3 (0.6B and 1.7B) [17]]. Qwen3 provides dense variants trained with instruction tuning and re-
inforcement learning for reasoning and remains memory efficient. In FedMentor, Qwen3 integrates
with our prompt manager for zero shot and few shot generation. We quantize the frozen backbone
to 4 bit NF4 with bf16 compute, fine-tune LoRA adapters (rank 16), and apply domain specific DP
budgets with layer and adapter aware noise scaling before FedAvg, achieving privacy preserving
updates without logit sharing or knowledge distillation.
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B.3 Baseline specification

Centralized (w/o FL, w/o DP). Pool all datasets and fine-tune a single LoRA adapter on the com-
bined corpus without privacy constraints. Serves as an optimistic upper bound when central aggre-
gation is hypothetically allowed.

Federated with LoRA (w/o DP). Standard FedAvg with LoRA adapters. Each client fine-tunes
its local adapter while the backbone remains frozen. The server aggregates adapter parameters via
data-weighted averaging, isolating the effect of decentralization.

Federated LoRA under domain-aware DP (FedMentor, ours). Each client applies domain spe-
cific privacy budgets to its LoORA parameters with layer and adapter aware noise scaling, assigning
larger noise to more sensitive components and tighter budgets for higher risk domains. The server
performs FedAvg over noised adapters, monitors clinical utility proxies during rounds, and applies
utility guided noise reduction when thresholds are violated. This design preserves privacy, reduces
communication by sharing only adapters, and stabilizes training under non IID client distributions.

Dataset-specific instruction prompts

Dreaddit. Analyze this Reddit post for signs of psychological stress. Provide a brief, supportive
response in 1-2 sentences. If stress is present, acknowledge feelings and suggest one helpful action. If
no stress, provide encouragement. Be empathetic but avoid medical advice.

Post: {post}

IRF. Analyze this post for signs of interpersonal risk (thwarted belongingness or perceived burden-
someness). Provide a brief, supportive response in 1-2 sentences. Be empathetic but avoid medical
advice.

Post: {post}

MultiWD. Analyze this post for social and emotional wellness concerns. Social wellness involves
relationships, connection, and community. Emotional wellness involves managing feelings, stress,
and mental health. Provide a brief, supportive response in 1-2 sentences. Be empathetic and suggest
practical coping strategies.

Post: {post}

Figure 4: Dataset-specific instructions

B.4 Detailed evaluation metrics

We report metrics for quality, safety, and systems efficiency that match the implementation.

Centralized (w/o FL, w/o DP). We evaluate toxicity mean and toxicity max of generated responses
using Detoxify, safe rate (fraction of responses below a fixed toxicity threshold), BERTScore F1 for
semantic similarity, relevance mean via embedding based cosine similarity, ROUGE-L for lexical
overlap, and perplexity mean as a fluency proxy. These quantify response quality and safety for
single model generation.

Federated with LoRA (w/o DP). For each client and in aggregate we report toxicity mean, safe
rate, BERTScore F1, relevance mean, and ROUGE-L. In accordance with the code, toxicity max
and perplexity mean are not computed in the federated evaluator.

Federated with LoRA (w/ DP) (System Metrics). To characterize privacy—utility tradeoffs and
overhead, we log domain sensitivity, training time, final train loss, final eval loss, memory used
(MB), and LoRA weights size (MB) per client, along with per round aggregates: average train loss,
average eval loss, total training time, average memory usage, and communication overhead (MB).
Communication overhead reflects the size of adapter payloads, since only LoRA adapters are shared
rather than full model weights.

B.5 Prompt construction for zero-shot and few-shot

Zero-shot prompting. We follow standard zero-shot evaluation, supplying a single instruction
plus the post, wrapped in the backbone native template: Qwen uses chat role tags, SmolLM2 uses
Input/Response headers, and MobileLLM uses plain text with a trailing Response:. Instructions are
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(a) Zero-shot model wrappers (b) Few-shot and train-time shape

Qwen Few-shot wrapper (generic k).
<|im_start|>user [template prefix]
{INSTRUCTION} {INSTRUCTION}
Post: {post}
<|im_end|> Example 1
<|im_start|>assistant Post: {post_1}
Response: {response_1}
SmolLM2 R
### Input: Example k
{INSTRUCTION} Post: {post_k}
Post: {post} Response: {response_k}
### Response: Post: {post}
Response:
MobileLLM [template suffix]
{INSTRUCTION} Exact train-time prompt shape.
Post: {post} [template prefix] +
{INSTRUCTION} + "\n\nPost: {post}" +
Response: [template suffix] +

{supervised target responsel} +
[template end]

Figure 5: Prompt templates: (a) Zero-shot wrappers for Qwen, SmolLM2, and MobileLLM; (b)
Few-shot wrapper and exact train-time prompt shape.

domain aligned: stress identification and supportive coping for Dreaddit; empathetic interpersonal
risk screening for IRF (thwarted belongingness or perceived burdensomeness); and brief practical
guidance for social and emotional wellness cues in MultiWD. This uniform yet domain aware setup
isolates instruction following while keeping comparisons consistent across datasets and models.
Exact wrappers and examples are shown in Figure[5a), with dataset specific instructions in Figure[d]

Few-shot prompting. We implement few-shot as supervised LoRA adaptation on each client rather
than in context exemplars. Only adapters are trained on a quantized backbone; updates are privatized
with domain aware Gaussian noise and aggregated with FedAvg. Short supportive targets align
tone and structure to each domain, which increases safe rate, reduces toxicity mean, and improves
BERTScore F1. At inference, we reuse the zero-shot wrapper for a clean comparison. The generic
train time wrapper and target concatenation appear in Figure [5|b).

B.6 Hardware details.

All experiments were conducted on a server with NVIDIA A100 GPUs, each with 80 GB of memory.
Mixed-precision computation with bfloat16 (bf16) was used for both training and inference. Models
were loaded in bf16 and executed with 4-bit NF4 quantization and bf16 compute. Up to two A100
GPUs were available, and each federated round allocated client training to a single GPU, enabling
parallel execution across clients. This setup allowed efficient LoRA fine-tuning of models with up
to 1.7B parameters and concurrent simulation of multiple clients. All training times, memory usage,
and communication costs reported in this work were measured in this environment.

C Supplementary results

Table [6] reports centralized and FedMentor performance for SmolLM2 on Dreaddit, IRF, and Mul-
tiWD. The pattern mirrors the main models: FedMentor keeps B-F1 and ROUGE close to baselines
while improving safety.

Figure @ compares FL and FedMentor for ParetoQ 350M, Qwen3 0.6B, and Qwen3 1.7B; per-client
relevance remains aligned, indicating stable utility under non-IID data and no domain collapse.
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Table 6: Performance of SmolLM2 backbones under centralized and FedMentor (FL w/ DP) training
on Dreaddit, IRF, and MultiWD. Columns report Zero-shot (ZS) and Few-shot (FS) for Safe Rate
(SR), Toxicity max (Tmx), BERTScore F1 (B-F1), ROUGE L (R-L), and Relevance (Rel). All
metrics are in %.

Setting  Method SR (%)+ Tmx (%)) B-F1(%)1 R-L(%)T Rel(%)?
ZS FS 7ZS FS ZS FS ZS FS ZS FS

Dreaddit

SmolLM2-360M 98.0 98.0 76.44 7945 82.6 833 635 7.79 235 28.1
SmolLM2-1.7B  98.0 98.0 74.79 75.52 827 836 575 6.60 232 272

FedMentor SmolLM2-360M 98.0 98.0 0.59 0.65 827 827 212 217 269 443
(FLw/DP) SmolLM2-1.7B  97.0 98.0 0.54 0.68 822 820 202 249 31.6 05

IRF

SmolLM2-360M 98.0 98.0 36.00 62.42 84.0 863 252 11.85 27.1 27.1
SmolLM2-1.7B  98.0 97.5 50.28 62.07 829 851 292 7.39 287 28.1

FedMentor SmolLM2-360M 78.0 79.0 796 7.80 829 81.6 378 3.67 703 71.6
(FL w/DP) SmolLM2-1.7B 77.0 79.0 9.09 823 83.0 813 338 355 67.1 0.0

MultiwD

SmolLM2-360M 97.5 98.5 47.74 61.66 844 86.7 6.23 11.57 39.8 26.8
SmolLM2-1.7B 97.5 98.0 70.80 74.85 834 852 627 7.86 429 279

FedMentor SmolLM2-360M 97.0 96.0 1.12 191 83.0 828 329 3.17 383 435
(FLw/DP) SmolLM2-1.7B  97.0 96.0 159 243 81.7 789 299 3.64 418 0.1

Central

Central

Central

Client-level Relevance — Dreaddit (FS) Client-level Relevance — IRF (FS) Client-level Relevance — MultiWD (FS)

== L = L =
3 FedMentor 3 FedMentor [ FedMentor

Relevance (%)
Relevance (%)
Relevance (%)

ParetoQ Quen3. Qwen3 ParetoQ Qwen3 Quen3. ParetoQ Qwen3 Qwen3
(350M) (0.68) (1.78) (350M) {0.68) (1.78) (350M) (0.68) 1.78)

(a) Dreaddit (b) IRF (c) MultiwD

Figure 6: Client level relevance on three datasets. Bars compare FL and FedMentor for ParetoQ
350M, Qwen3 0.6B, and Qwen3 1.7B.

D Additional ablations and efficiency analyses

D.1 Utility threshold calibration (7)

We evaluate a utility-driven noise adjustment where the server reduces noise only if B-F1 falls below
a threshold 7. Table [3|shows that the 7=0 setting yields the lowest safety, with TSR at 74.67% and
a spread of 20%, compared to the baseline TSR of 97.33% and spread of 6%. The observation
is consistent with the ParetoQ-350M trends in Figure Bp—b: aggressive utility gating undermines
safety, indicating the need for a calibrated threshold.

D.2 Per-client memory scaling across rounds

Table [] reports memory usage per client for Qwen3-1.7B under the IRF e=1.0 setting. Memory
increases smoothly over rounds: at round 0, clients use about 18.85, 20.04, and 21.23 GB; by round
7, these reach 43.78, 44.97, and 46.16 GB. The monotonic rise indicates predictable scaling during
training while keeping per-client usage within a narrow band across clients.
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