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Abstract

Large language models are increasingly attractive for healthcare question answering, longi-

tudinal note generation, discharge communication, and specialty-speci�c decision support, but

their direct deployment in hospitals remains constrained by privacy regulation, compute limi-

tations, heterogeneous local data, and the risk of destructive domain adaptation. This paper

introduces MedQA-FoRA-MultiHospital, a new multihospital benchmark designed for privacy-

preserving adaptation of medical language models under realistic non-identically distributed

client partitions. The benchmark contains 50,000 medical question�answer pairs and 15,000

clinical report-generation instances distributed across �ve simulated hospital clients with dis-

tinct specialty pro�les: cardiology, respiratory medicine, neurology, general medicine, and pe-

diatrics. Building on the micro�meso�macro philosophy of e�cient federated low-rank �ne-

tuning, we formulate Adaptive FoRA, a heterogeneity-aware extension that preserves the frozen

backbone, inserts structured low-rank operators across all major linear maps, and aggregates

client updates through divergence-sensitive weighting. Rather than inventing unveri�ed empir-

ical scores, this manuscript contributes a complete benchmark speci�cation, a mathematically

explicit training framework, communication and parameter analyses, a privacy threat model,

a full experimental protocol, and a reproducibility package structure suitable for subsequent

leaderboard development. The paper is intentionally written as a stand-alone benchmark-and-

methodology manuscript: it de�nes the dataset, the task suite, the optimization design, the

ablation roadmap, and the evaluation criteria required for rigorous future implementation. We

argue that the proposed benchmark �lls an important gap between generic medical instruction

datasets and privacy-preserving federated adaptation studies by unifying question answering,

structured reasoning, and clinical report generation within a single non-IID multihospital set-

ting.

Keywords: federated learning; large language models; medical question answering; clinical report

generation; parameter-e�cient �ne-tuning; non-IID learning; low-rank adaptation; quantization

1. Introduction

The practical value of language models in medicine lies not only in their ability to answer isolated

benchmark questions, but in their capacity to adapt safely to local clinical work�ow, institution-

speci�c writing style, specialty vocabulary, and locally prevalent diseases. Hospitals rarely hold
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exchangeable data distributions, and the same deployment pipeline that works for a general-purpose

assistant can fail in a clinical environment because it ignores specialty skew, resource asymmetry,

auditability requirements, and governance rules surrounding patient data and model access. These

pressures are intensi�ed when model adaptation must occur near the point of care, where device

memory is limited and the direct transfer of raw records to a central server is unacceptable [1, 2].

At the same time, simply keeping one separate model per hospital can fragment knowledge and

sharply reduce the bene�ts of shared learning. The modern landscape of instruction-following models,

scaling laws, open and closed LLM ecosystems, and regulation-aware data practice makes this tension

especially visible in medicine, where correctness, calibration, and factual consistency matter more

than stylistic �uency alone [3�6].

Federated learning o�ers a natural systems response to privacy and governance constraints, yet

standard federated optimization is not automatically compatible with large language model adapta-

tion. Hospital clients may di�er not only in label or concept frequencies but also in note length, report

structure, triage patterns, severity mix, and specialty-speci�c terminology [7�9]. These forms of het-

erogeneity complicate naive aggregation and make it di�cult to transfer the gains of general-domain

parameter-e�cient �ne-tuning directly into healthcare. In particular, the tension between minimal

trainable parameters and su�cient expressive power becomes more pronounced when downstream

tasks require multi-step medical reasoning, template-constrained report generation, and structured

action recommendations. A benchmark for this setting must therefore support more than a single

task and more than a single statistical skew. It must also make room for communication-aware

adaptation, on-device optimization, and future privacy-enhancing techniques [10, 11].

This paper addresses that need by presenting MedQA-FoRA-MultiHospital, a benchmark and

methodology manuscript designed for the federated adaptation of medical LLMs under non-IID

multihospital partitions. The benchmark is built around two clinically meaningful task families: long-

form medical question answering and clinical report generation. The �rst captures specialty-speci�c

reasoning and action recommendation. The second captures stylistic and structural generation under

hospital-dependent conventions [12, 13]. The benchmark contains �ve simulated hospital clients

with clearly di�erentiated specialty pro�les and complexity levels, enabling research on both global

generalization and client-level specialization [14].

Our methodological contribution is Adaptive FoRA, a benchmark-aligned extension of a feder-

ated low-rank adaptation pipeline. The method preserves the key micro�meso�macro design philoso-

phy while introducing heterogeneity-aware aggregation and a multi-task objective suited to the new

benchmark [15]. At the micro level, we retain a structured low-rank factorization that decomposes

adaptation into base, adapter, and deep interaction components. At the meso level, we apply the

operator across the principal linear maps in attention and feed-forward sublayers. At the macro level,

we combine quantized client-side training with federated aggregation so that only adapter updates,

not raw records or full model weights, traverse the network. We then add a hospital-divergence-

sensitive weighting mechanism to reduce the dominance of large but distributionally distant clients

[16].

A second contribution is conceptual rather than empirical. Because the uploaded dataset is

presently speci�ed as a benchmark design rather than an already executed large-scale experimental

corpus, we do not fabricate performance tables [17, 18]. Instead, we provide a complete, publication-

style paper that contributes the dataset de�nition, a full method, formal notation, analytical proposi-

tions, benchmark tasks, baselines, evaluation metrics, ablation axes, privacy model, and reproducibil-
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ity checklist. This makes the manuscript suitable either as a benchmark paper in its own right or as

the sca�old for a later results-driven implementation paper.

The remainder of the paper is organized as follows. Section 2 situates the benchmark within

literature on federated learning, parameter-e�cient adaptation, quantized deployment, and clinical

language modeling. Section 3 introduces the dataset design and benchmark protocol. Section 4

formulates the learning problem and develops Adaptive FoRA. Section 5 analyzes parameter and

communication complexity. Section 6 de�nes the benchmark tasks, baselines, and evaluation protocol.

Section 7 discusses scienti�c questions enabled by the benchmark. Section 8 addresses limitations,

ethics, and deployment concerns. Section 9 concludes.

2. Related Work

2.1. Large language models, scaling, and instruction adaptation

The current generation of language models is shaped by three interacting trends: scale, alignment, and

domain transfer [19�21]. Instruction tuning and preference alignment made large models substantially

more useful for open-ended assistance, while scaling studies clari�ed that model quality depends

jointly on data quality, data volume, and compute allocation. Open-weight model families created

a route toward local or institution-hosted deployment, which is especially relevant for regulated

sectors such as healthcare [22]. Yet these same developments expose a practical challenge: domain

adaptation requires access to data that cannot easily be centralized, and the most powerful aligned

systems are often inaccessible for transparent institutional �ne-tuning. This motivates work on open

or semi-open model adaptation, local deployment, and e�cient transfer mechanisms. Representative

milestones include instruction-following alignment, open-source code generation and general LLM

families, scaling-law analysis, multilingual open-weight LLMs, benchmark suites for transfer learning,

and emergent behavior studies [23, 24].

2.2. Federated learning under heterogeneity

Federated learning has matured from a communication-e�cient alternative to centralized training

into a broader framework for privacy-preserving collaborative optimization. Early work emphasized

iterative model averaging, while later studies showed that non-IID data can severely degrade conver-

gence and global quality. Subsequent methods targeted objective inconsistency, local drift, batch-

normalization mismatch, personalized components, and server-side adaptation. In healthcare, these

concerns are ampli�ed because institutions di�er in disease prevalence, coding habits, and work�ow

conventions. The present benchmark is motivated by this literature but narrows the problem to the

language adaptation regime, where the unit of aggregation is an e�cient adapter update rather than

the full dense model [25�27].

2.3. Parameter-e�cient �ne-tuning and structured adaptation

Parameter-e�cient �ne-tuning (PEFT) is now a standard response to the cost of adapting large

models. Adapters, pre�xes, prompts, bias-only tuning, hypercomplex layers, and low-rank updates

all pursue the same central trade-o�: reduce trainable state while preserving enough capacity for

downstream adaptation. Among these methods, LoRA and its descendants became especially in�u-

ential because they introduce no additional inference path other than the low-rank update and can
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be implemented cleanly on top of frozen backbones. Later work explored adaptive rank allocation,

magnitude�direction decompositions, orthogonal transformations, and richer factorization schemes.

The benchmark proposed here adopts this PEFT viewpoint but does so in a federated, clinically

structured setting where low-rank expressiveness must coexist with heterogeneous task distributions

[28�30].

2.4. Quantization, compression, and on-device feasibility

E�cient adaptation is not only a question of trainable parameters; the frozen base model must still

�t into client hardware during forward and backward passes. Quantization and model compression

therefore play an essential role in any realistic hospital-edge setting [31, 32]. Integer-aware inference,

4-bit �ne-tuning, post-training quantization, and structured compression each contribute di�erent

pieces of the feasibility puzzle. Quantization alone may introduce quality loss, but in a federated

environment that loss can be partially o�set when many heterogeneous but complementary clients

contribute updates to a higher-precision server-side aggregation step. Our macro design directly

leverages this insight [33].

2.5. Biomedical language models, medical QA, and report generation

Domain-speci�c medical language modeling has progressed from encoder pretraining on biomedical

literature to generative clinical assistants and specialized LLMs. Biomedical BERT variants improved

extraction and biomedical QA; clinical-domain models built on discharge summaries and EHR text

improved inference and similarity tasks; larger generative biomedical and clinical models broadened

the scope to long-form generation and interactive assistance [34�38]. Parallel to model development,

medical QA datasets and report corpora enabled increasingly realistic evaluation, although many

remain single-task, centralized, or weakly connected to privacy-preserving deployment. Report gen-

eration datasets such as MIMIC-CXR and related corpora demonstrate how stylistic and institutional

conventions matter alongside semantic correctness. The present benchmark di�ers by explicitly com-

bining specialty-partitioned medical QA with report generation in a federated non-IID formulation

[39�41].

3. The MedQA-FoRA-MultiHospital Benchmark

3.1. Benchmark goals

The benchmark is designed around four goals. First, it should model realistic cross-hospital hetero-

geneity rather than merely random partitioning. Second, it should include both reasoning-oriented

and documentation-oriented tasks. Third, it should be compatible with privacy-preserving collabora-

tive learning in which raw records remain local [42, 43]. Fourth, it should be su�ciently structured to

support rigorous evaluation of factuality, formatting �delity, and actionability. These goals motivate

the joint inclusion of medical QA and clinical report generation, as well as the explicit division of the

dataset into �ve specialty-driven client partitions.

3.2. Dataset overview

MedQA-FoRA-MultiHospital v1.0 contains 50,000 medical QA pairs and 15,000 clinical reports. The

dataset is partitioned across �ve hospital clients with distinct specialty concentrations and di�erent
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complexity pro�les [44]. Table 1 summarizes the client design. Importantly, the benchmark is

intended to emulate a federated environment; therefore, the hospital partitions are part of the dataset

de�nition rather than an afterthought imposed during preprocessing.

Table 1. Hospital partitions in MedQA-FoRA-MultiHospital v1.0

Client Specialty Size Dominant distributional pro�le Complexity

A Cardiology 12,000 Cardiovascular disease, heart failure, ischemia, rhythm and hemodynamic management High

B Respiratory 10,000 Pulmonary disease, infection, obstruction, interstitial disease, smoking-related illness Medium�high

C Neurology 8,000 Stroke, seizure, neuroimmunology, neurocritical care, diagnostic localization Very high

D General medicine 12,000 Mixed common disease, infectious disease, gastroenterology, metabolic complaints Medium

E Pediatrics 8,000 Pediatric infectious disease, developmental conditions, age-speci�c respiratory and emergency care Medium

In the QA portion, each instance contains a hospital identi�er, specialty tag, question text, a

di�culty label, a reasoning �ag, a long-form answer, and structured sub�elds such as diagnosis,

immediate actions, and timeline. In the report-generation portion, each instance contains structured

encounter information, hospital identity, task type, a target report or section, and auxiliary evaluation

�elds. This design allows the same backbone model to be evaluated on both free-form response quality

and structured, clinically constrained document generation.

3.3. Non-IID design rationale

Many federated studies simulate heterogeneity through simple label skew, Dirichlet partitioning, or

feature perturbation. Such strategies are useful for controlled experiments but insu�cient to capture

hospital-speci�c specialization in medical language. In practice, heterogeneity arises from specialty

mix, referral patterns, document conventions, local abbreviation habits, and distinct balance between

acute versus chronic cases. The benchmark therefore de�nes non-IID structure semantically rather

than only statistically. For example, cardiology questions emphasize medication titration, congestion

management, and hemodynamics; neurology questions place higher pressure on timelines, localiza-

tion, and eligibility criteria; pediatrics introduces age-speci�c management and distinct reporting

idioms.

This matters for model design. A method that only averages local adapters by sample count

may over�t to the largest clients or fail to preserve rare-but-important expertise from smaller clients.

Conversely, a highly personalized system may fragment knowledge so severely that the global model

loses value as a shared clinical assistant. MedQA-FoRA-MultiHospital is built to make this trade-o�

explicit.

3.4. Task families

3.4.1. Medical question answering. The QA task is intentionally long-form and action-oriented. The

expected response is not a short span extracted from a document but a clinically coherent answer

that may include di�erential reasoning, diagnosis, immediate management, follow-up timing, and

escalation thresholds. Each example can also include structured annotations that facilitate targeted

evaluation, such as whether the model recovered the correct diagnosis or essential next steps.

3.4.2. Clinical report generation. The report task includes discharge summaries, consult notes, im-

pression sections, and recommendation blocks. Unlike general summarization, clinical report gener-

ation is constrained by structure, chronology, medication consistency, and specialty-speci�c writing

habits. The benchmark therefore supports both full-report generation and section-level generation.
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3.4.3. Data schema. Table 2 summarizes the major �elds. The schema is deliberately rich because

benchmark utility depends on more than the plain text alone. Structured sub�elds enable future

work on calibration, controllable generation, explanation quality, and rule-based clinical validation.

Table 2. Core schema elements for the two benchmark task families

Field group Description

QA metadata Hospital ID, specialty, instance ID, source department, veri�cation role, date

QA question Clinical scenario text, question type, di�culty label, reasoning requirement �ag

QA answer Long-form answer text with structured diagnosis, immediate actions, and timeline

Report context Patient context, encounter context, structured �ndings, medications, vital trends

Report target Expected generation, gold-standard impression, recommendations, follow-up �elds

Evaluation auxiliaries Space for QA grading rubrics, factuality checks, report similarity, and clinician review

3.4.4. Recommended splits. Because each hospital is a client, splits must preserve within-client

chronology or at least institutional integrity. We recommend a hospital-local split of 70% training,

10% validation, and 20% test for each client, with no leakage of parallel rewritten reports or near-

duplicate QA templates across splits. For cross-hospital transfer evaluation, we further recommend

leave-one-hospital-out experiments in which one client is completely excluded from training and used

solely for transfer assessment. This creates a stringent test of specialty generalization.

3.4.5. Quality control and governance assumptions. The uploaded benchmark speci�cation describes

the corpus as a designed multihospital dataset with simulated clients. Accordingly, this manuscript

treats the resource as a benchmark design and not as an already audited de-identi�ed clinical reposi-

tory. For publication-grade release, we recommend three explicit validation layers: (i) clinician review

of a strati�ed subset of QA answers and gold reports; (ii) duplicate and contradiction screening; and

(iii) privacy review for any �elds that could preserve latent identifying information. This benchmark

is therefore best viewed as a strong, structured foundation for a transparent and extensible release

pipeline.

4. Problem Formulation and Adaptive FoRA

4.1. Learning setting

Let C = {1, . . . , n} denote hospital clients. Client i holds local dataset Di = DQA
i ∪ DRG

i , where the

�rst component corresponds to medical question answering and the second to report generation. A

pretrained backbone model with frozen weights W0 is shared across clients. The objective is to learn

a small set of trainable adaptation parameters ∆Wi at each client without transmitting raw records

or full dense model states.

The central challenge is that each Di is drawn from a di�erent distribution Pi(X, Y ) due to

specialty, complexity, writing style, and task mix. We therefore seek a federated training objective

that preserves the e�ciency bene�ts of low-rank adaptation while explicitly acknowledging client

divergence.
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4.2. E�cient �ne-tuning view

Standard full �ne-tuning updates all model parameters:

h = W0x. (1)

Parameter-e�cient tuning instead keeps W0 �xed and learns a correction term:

h = W0x+∆Wx. (2)

For conventional LoRA, ∆W = BA, where A ∈ Rd×r and B ∈ Rr×d with r ≪ d.

4.3. Micro-level FoRA operator

To increase expressive power without abandoning low-rank e�ciency, we de�ne a structured update

operator

∆WFoRA = E(D + CB + Ir)A, (3)

where A ∈ Rd×r, E ∈ Rr×d, D ∈ Rr×r, B ∈ Rs×r, and C ∈ Rr×s with s ≪ d. The term EA captures

a base low-rank update, EDA captures an adapter-style interaction in the rank space, and ECBA

introduces a deeper low-dimensional composition. The resulting layer output is

h = W0x+ E(D + CB + Ir)Ax. (4)

Moreover, Eq. (3) admits the explicit decomposition

∆WFoRA = EA+ EDA+ ECBA, (5)

which makes clear that FoRA preserves the low-rank outer interface while enriching the internal rank-

space geometry. The �rst term is the familiar base adaptation, the second term introduces a learnable

interaction within the rank-r latent space, and the third term introduces a deeper bottlenecked

composition through the scale rank s. Because every summand factors through A on the right and

E on the left, the update remains low-rank in the ambient space even though its internal coupling is

more expressive than conventional two-factor adaptation.

Proposition 1. For any matrices with compatible dimensions, the FoRA update in Eq. (3) satis�es

rank(∆WFoRA) ≤ r. (6)

Consequently, FoRA increases expressivity through richer rank-space interactions rather than by aban-

doning the low-rank regime.

Proof. Let M = D + CB + Ir. Then ∆WFoRA = EMA with M ∈ Rr×r. Since rank(EMA) ≤
min{rank(E), rank(M), rank(A)} ≤ r, the claim follows.

4.4. Meso-level insertion strategy

A low-rank operator is only as useful as its placement. In transformer-based language models,

clinically relevant adaptation is distributed across both self-attention and feed-forward pathways, so

we attach FoRA to the query, key, and value projections, to the attention output projection when

memory allows, to the feed-forward input and output maps, and optionally to lightweight task heads
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for QA or report generation. We refer to this complete placement strategy as Meso-FoRA. Relative

to attention-only or sparse placement strategies, this meso view is designed for tasks where both

retrieval-style reasoning and output formatting matter. If M denotes the set of adapted linear maps

and ℓ ∈ M has width dℓ, rank rℓ, and scale rank sℓ, then the total trainable parameter budget is

Ptot =
∑
ℓ∈M

(2dℓrℓ + r2ℓ + 2rℓsℓ), (7)

which will later connect directly to memory and communication accounting.

4.5. Macro-level federated optimization with quantized clients

At the macro level, the goal is collaborative adaptation under client-side resource limits. Let Qb(W0)

denote a b-bit quantized version of the frozen backbone deployed locally, where in our recommended

protocol b = 4 and the quantization family is NF4 with BF16 compute for adapter operations. Client

i solves

min
Θi

Li(Θi;Qb(W0),Di), (8)

where Θi is the collection of all FoRA parameters attached to the selected linear layers. Only Θi or

its delta relative to the previous round is uploaded. The server never needs local records and need not

expose the full-precision base weights to clients beyond the chosen protected deployment interface.

4.6. Adaptive aggregation for non-IID hospitals

A central novelty of this paper is the adaptation of macro aggregation to client heterogeneity. Let

∆Θ
(t)
i denote the client update at round t. Standard federated averaging uses sample-size weights:

∆Θ(t)
avg =

n∑
i=1

|Di|∑
j|Dj|

∆Θ
(t)
i . (9)

This is often suboptimal when the largest client is not the most representative or when a small

specialty client carries clinically crucial expertise. We therefore de�ne divergence-aware weights

α
(t)
i =

|Di|βexp(−λ δ
(t)
i )∑n

j=1|Dj|βexp(−λ δ
(t)
j )

, (10)

where δ
(t)
i measures client divergence and β, λ ≥ 0 control the in�uence of client size and divergence

penalty. A practical choice is

δ
(t)
i = η1 JS(p

task
i , ptask) + η2 JS(p

spec
i , pspec) + η3 drift

(t)
i , (11)

where the �rst term compares local versus global task mixture, the second compares specialty com-

position, and the third captures update drift, for example via cosine dissimilarity or norm ratio to

the current global direction.

The server update then becomes

Θ(t+1) = Θ(t) +
n∑

i=1

α
(t)
i ∆Θ

(t)
i . (12)

Eq. (12) preserves the communication pro�le of adapter-only aggregation but biases the global

model toward clients that are both informative and distributionally compatible.
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Proposition 2. If λ = 0, then Eq. (10) reduces to size-aware aggregation with weights proportional

to |Di|β. If, in addition, β = 1, then Eq. (12) reduces exactly to classical FedAvg on the transmitted

adapter deltas.

Proof. Setting λ = 0 removes the divergence penalty so that the exponential factor in Eq. (10) is

constant across clients. The normalization therefore yields α
(t)
i = |Di|β/

∑
j|Dj|β. The special case

β = 1 is the standard sample-size weighting used by FedAvg.

To quantify how far the adaptive rule may deviate from sample-size weighting, let πi = |Di|/
∑

j|Dj|
and assume ∥∆Θ

(t)
i ∥2≤ G for all i. Then∥∥∥∥∥

n∑
i=1

α
(t)
i ∆Θ

(t)
i −

n∑
i=1

πi∆Θ
(t)
i

∥∥∥∥∥
2

≤ G ∥α(t) − π∥1, (13)

which shows that the aggregation perturbation is controlled directly by the distance between the

adaptive weight vector and the sample-size baseline. This bound is useful because it separates sta-

tistical design from optimization magnitude: as long as the weight shift remains moderate, adaptive

aggregation cannot arbitrarily distort the global direction.

Each client optimizes a joint objective

Li = λqaLQA
i + λrgLRG

i + λstrLstruct
i + λcalLcal

i . (14)

Here LQA
i is the token-level generation loss for medical QA, LRG

i is the token-level generation loss

for reports, Lstruct
i penalizes structural violations such as missing required sections or action �elds,

and Lcal
i is an optional calibration term when con�dence targets are available. Writing the local QA

set as SQA
i and the report set as SRG

i , one convenient instantiation is

LQA
i = − 1

|SQA
i |

∑
(x,y)∈SQA

i

|y|∑
t=1

log pΘ(yt | y<t, x), (15)

LRG
i = − 1

|SRG
i |

∑
(x,z)∈SRG

i

|z|∑
t=1

log pΘ(zt | z<t, x), (16)

Lstruct
i =

1

|Si|
∑
u∈Si

K∑
k=1

ωk ℓk(gk(ŷu), gk(yu)), (17)

Lcal
i =

1

|Si|
∑
u∈Si

(cΘ(u)− s(u))2, (18)

where gk(·) extracts the kth structured �eld, such as diagnosis, immediate action, or follow-up timing,
ℓk is the corresponding mismatch penalty, and cΘ(u) denotes a con�dence estimate aligned to a

supervision target s(u). The presence of structured diagnosis and action �elds in the benchmark

makes Lstruct
i especially useful because it penalizes clinically important omissions that can remain

hidden under �uent free-text generation.

To stabilize local optimization under non-IID drift, we further recommend the proximal local

objective

L̃(t)
i (Θ) = Li(Θ) +

µ

2
∥Θ−Θ(t)∥22, (19)
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which penalizes overly aggressive movement away from the current global adapter state. A client

using stochastic gradients g
(t,e)
i,b at local step e and minibatch b may then update according to

Θ
(t,e+1)
i = Θ

(t,e)
i − η

(
g
(t,e)
i,b + µ(Θ

(t,e)
i −Θ(t))

)
, (20)

with Θ
(t,0)
i = Θ(t) and uploaded delta ∆Θ

(t)
i = Θ

(t,E)
i −Θ(t) after E local epochs.

At each communication round, the server selects a subset of hospitals and transmits the current

adapter state. Every participating client loads the quantized frozen backbone together with the

trainable FoRA parameters, optimizes the proximal multi-task objective in Eq. (19) for E local

epochs, and uploads only the adapter delta together with optional divergence summaries. The server

then computes the adaptive weights, aggregates the received deltas using Eq. (12), and redistributes

the updated global adapter state for the next round. If mt clients participate in round t, the resulting

global step can be written compactly as

Θ(t+1) = Θ(t) +
∑
i∈St

α
(t)
i (Θ

(t,E)
i −Θ(t)), (21)

where St is the active client set. The benchmark speci�cation recommends �ve clients, full participa-

tion per round, batch size 8, three local epochs, 100 rounds, learning rate 2× 10−4, rank r = 8, scale

rank s = 2, dropout 0.1, 4-bit NF4 quantization, BF16 compute, and AdamW with cosine scheduling.

These settings are intended as a starting reference rather than an immutable rule.

The benchmark assumes an honest-but-curious server and hospital clients that do not share

raw records. The primary threat surfaces are: (i) leakage through transmitted adapter updates,

(ii) memorization of sensitive strings in local �ne-tuning, and (iii) model extraction or misuse of full

backbone weights. The macro design reduces risk by keeping records local and transferring only small

adapter states. In practice, additional defenses such as secure aggregation, client-level di�erential

privacy, and audit logging can be layered on top. The benchmark is therefore designed to support

privacy research rather than claim privacy by architecture alone.

5. Complexity and Communication Analysis

Suppose a square linear map W ∈ Rd×d is adapted by a single FoRA module with rank r and scale

rank s. Then the trainable parameter count is

PFoRA = dr + rd+ r2 + rs+ sr = 2dr + r2 + 2rs. (22)

For LoRA, the comparable count is

PLoRA = 2dr. (23)

Proposition 3. For a �xed layer width d, the relative overhead of FoRA over LoRA for one adapted

matrix is

ρ =
PFoRA
PLoRA

= 1 +
r + 2s

2d
. (24)

Hence, when d ≫ r, s, the additional trainable cost is modest.

Proof. Substituting PFoRA and PLoRA gives

ρ =
2dr + r2 + 2rs

2dr
= 1 +

r + 2s

2d
.
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The asymptotic claim follows immediately because the additive term vanishes as d dominates the

low-rank dimensions.

This proposition formalizes why richer rank-space interactions can be added without losing the

overall e�ciency advantage of PEFT.

Let M denote the number of linear maps adapted across the model. Then one client upload per

round is

O(M(2dr + r2 + 2rs)), (25)

rather than O(Md2) for dense �ne-tuning. If secure aggregation is used, the same asymptotic upload

size remains, with additional cryptographic overhead determined by the security protocol rather than

the model architecture.

Proposition 4. When only adapter deltas are communicated, the round-wise communication reduc-

tion relative to full dense adaptation is approximately

γ ≈ 2dr + r2 + 2rs

d2
, (26)

per adapted matrix, which is small for r, s ≪ d.

Proof. The numerator is the communicated adapter state and the denominator is the dense weight

size. Dividing yields the stated ratio.

If b∆ denotes the number of bits used to store each transmitted adapter parameter and mt clients

participate at round t, then a more explicit round-wise tra�c model is

C(t)
up = mt b∆

∑
ℓ∈M

(2dℓrℓ + r2ℓ + 2rℓsℓ), C(t)
down = mt b∆

∑
ℓ∈M

(2dℓrℓ + r2ℓ + 2rℓsℓ), (27)

so that the total bidirectional communication over T rounds is
∑T

t=1(C
(t)
up + C(t)

down). This expression

emphasizes that communication scales with adapter design and participation rate rather than with

the dense backbone size.

The macro design separates memory into the quantized frozen backbone, the optimizer and acti-

vations associated with the trainable adapters, and the temporary activations required during local

sequence processing. Because the backbone remains frozen and quantized, optimizer state is needed

only for the adapters. If bW is the storage precision for frozen weights, bΘ is the adapter precision,

and Aact denotes activation memory, then an abstract memory budget is

Mclient ≈ bW |W0|+bΘPtot + Aact, (28)

which makes clear why reducing Ptot and quantizing W0 are the dominant levers for single-device

feasibility.

The benchmark is deliberately con�gured so that communication and memory are �rst-class out-

comes, not incidental implementation details. Any method evaluated on MedQA-FoRA-MultiHospital

should therefore report not only answer quality and generation �delity but also adapter size, upload

volume, and device memory footprint. A strong method for this benchmark is one that preserves

specialty knowledge without letting the cost of collaboration erase the practical advantages of PEFT.

64



A Non-IID Multihospital Benchmark and Adaptive Federated Low-Rank Framework

6. Benchmark Tasks, Baselines, and Evaluation Protocol

We de�ne four benchmark tasks:

� Task A: In-hospital medical QA

Train and evaluate within each hospital partition. This tests local adaptation quality and

establishes per-client ceilings.

� Task B: Global federated medical QA

Train jointly through federated adaptation and evaluate both globally and per client. This

measures whether collaboration improves answer quality without erasing specialty-speci�c com-

petence.

� Task C: In-hospital report generation

Train report generation heads or generative decoders locally to measure documentation perfor-

mance within specialty-speci�c conventions.

� Task D: Cross-hospital transfer

Train federated models on four hospitals and evaluate on the held-out �fth hospital. This is

the most stringent generalization setting and directly probes robustness to unseen specialty

composition.

A benchmark is only useful when it supports meaningful comparison. The baseline suite should

therefore include local full �ne-tuning as a conceptual upper bound for small-scale experiments, lo-

cal LoRA or QLoRA to measure hospital-speci�c adaptation without collaboration, federated LoRA

with FedAvg as the direct adapter-only baseline, federated LoRA with heterogeneity-aware optimiz-

ers such as FedProx, SCAFFOLD, or FedNova, o�site-style or partial-layer adaptation as reduced-

transmission alternatives, and �nally the proposed Adaptive FoRA method. When compute permits,

both Baichuan2-7B and Baichuan2-13B should be run as primary backbones so that scale sensitivity

can be measured rather than assumed.

Table 3 summarizes the core metrics.

Table 3. Recommended evaluation metrics for MedQA-FoRA-MultiHospital

Setting Metrics

Medical QA Exact match on structured diagnosis where available; token-level F1; clinician rubric

for correctness, safety, completeness, and actionability; calibration score if con�dence

is generated

Report generation ROUGE-L, BERTScore, section completeness, medication consistency, timeline con-

sistency, structured recommendation match, clinician factuality score

Federated systems Round-wise communication volume, adapter size, wall-clock time per round, peak

device memory, client drift statistics

Cross-hospital transfer Held-out hospital macro averages, worst-client score, inter-client variance, specialty-

speci�c breakdown

Because open-ended medical answers can be semantically correct despite surface variation, auto-

matic metrics should be supplemented with clinician review or structured-�eld matching whenever

possible. The benchmark already anticipates this by storing structured answer components.
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A robust benchmark paper should de�ne the axes along which future implementations must be

tested. The essential ablations are the adapter rank r and scale rank s, attention-only versus full

meso placement, sample-size versus divergence-aware aggregation, full precision versus 4-bit and 8-bit

client backbones, single-task versus multi-task training, the inclusion or removal of structural losses,

full versus partial client participation, and personalized local re�nement after federated training.

Together these factors map the accuracy�e�ciency frontier rather than reporting a single isolated

operating point.

For all future benchmark submissions, we recommend reporting at least three random seeds,

hospital-level con�dence intervals, both macro and micro averages, explicit worst-client performance,

and paired signi�cance testing for the key method comparisons. This is important because a method

that improves average score while sharply harming one specialty client may be clinically unacceptable.

A minimal but rigorous implementation should tokenize QA and report tasks with explicit task-

pre�x formatting, preserve hospital-local train/validation/test splits, initialize FoRA matrices with

Gaussian initialization for A, C, and D and zeros for B and E, quantize the backbone locally to

NF4 while computing adapter paths in BF16, optimize with AdamW and cosine scheduling for the

prescribed number of rounds, evaluate both automatic metrics and structured-�eld recovery, and

release scripts for split construction, local training, aggregation, and scoring.

7. Benchmark Instantiation and Dataset-Grounded Evaluation

Con�guration

The benchmark speci�cation already �xes the central training recipe closely enough to support a

publication-grade methods section. The primary backbone is Baichuan2-13B, with Baichuan2-7B

retained as a lower-resource comparison point. The federated con�guration uses �ve �xed hospital

clients, full client participation in each round, three local epochs, batch size 8, one hundred commu-

nication rounds, and client learning rate 2×10−4. Optimization uses AdamW with cosine scheduling,

warmup ratio 0.03, and weight decay 0.01. The adapter con�guration sets rank r = 8, scale rank

s = 2, LoRA-style scaling factor α = 32, and dropout 0.1, with FoRA modules attached across the

principal attention and feed-forward linear maps. Client-side training uses 4-bit NF4 quantization

with double quantization and BF16 compute. Table 4 summarizes the dataset-grounded con�guration

used throughout this manuscript.

Table 4. Dataset-grounded experimental con�guration instantiated from the uploaded benchmark speci�cation

Item Instantiated value

Backbone model Baichuan2-13B (primary), with Baichuan2-7B as the lower-resource comparison model

Tokenizer and max length Baichuan2 tokenizer family; sequence length 1024 for the baseline reproducibility pro�le

Hospital clients 5 �xed clients (A�E), full participation in each communication round

Rounds and local epochs 100 rounds, 3 local epochs, batch size 8

Optimization AdamW, cosine scheduler, warmup ratio 0.03, weight decay 0.01, learning rate 2× 10−4

Adapter con�guration FoRA with r = 8, s = 2, α = 32, dropout 0.1, meso-level insertion into attention and FFN

linear layers

Quantization 4-bit NF4, double quantization enabled, BF16 compute dtype

Aggregation Divergence-aware Adaptive FoRA, with FedAvg on adapter deltas as the baseline comparator

Seeds Minimum of 3 reporting seeds recommended for �nal benchmark submissions

Hardware reporting rule Report client device memory, server aggregation environment, and end-to-end wall-clock time

explicitly in the �nal empirical study
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The medical QA portion of MedQA-FoRA-MultiHospital contains 50,000 examples distributed

across the �ve hospitals in a deliberately non-IID fashion. The benchmark speci�cation also reports

hospital-level complexity ratios, which are useful for interpreting client drift and specialization. To

remove ambiguity from future experimental setup, Table 5 converts the recommended 70%/10%/20%

training, validation, and test protocol into exact per-hospital counts.

Table 5. Hospital-wise QA composition and exact split counts under the recommended 70%/10%/20% protocol

Client Specialty QA pairs Complexity pro�le Train Val. Test Avg. report words

A Cardiology 12,000 72% high / 28% medium 8,400 1,200 2,400 342

B Respiratory 10,000 58% high / 42% medium 7,000 1,000 2,000 298

C Neurology 8,000 85% high / 15% medium 5,600 800 1,600 389

D General medicine 12,000 40% high / 60% medium 8,400 1,200 2,400 256

E Pediatrics 8,000 50% high / 50% medium 5,600 800 1,600 267

Total � 50,000 Non-IID across specialty and complexity 35,000 5,000 10,000 �

These counts make the benchmark immediately executable. They also show that the most di�cult

client is C, where the neurology partition carries the highest proportion of high-complexity cases,

while D provides the broadest mixed-distribution anchor for the global model. The report-length

column, taken directly from the uploaded dataset statistics, anticipates that report-generation di�-

culty will not align perfectly with QA di�culty: C has the longest average reports even though it is

not the largest client, whereas D contains the shortest reports despite being one of the largest QA

partitions.

The benchmark is designed so that each client di�ers not only by label frequency but by seman-

tic workload. Cardiology emphasizes hemodynamics, heart-failure optimization, and cardiovascular

co-morbidity. Respiratory medicine mixes chronic obstruction, infectious disease, and interstitial

patterns. Neurology concentrates more heavily on timeline-sensitive and localization-sensitive cases.

General medicine has the widest spread across infectious, gastrointestinal, metabolic, and residual

categories, while pediatrics brings age-speci�c management and di�erent urgency pro�les. Table 6

records the hospital-level condition distributions used by the benchmark.

Table 6. Hospital-level condition distributions supplied by the benchmark speci�cation

Client Condition distribution

A 65% cardiac, 15% endocrine, 10% renal, 10% other

B 55% respiratory, 20% infectious, 15% allergy, 10% other

C 70% neurological, 15% psychiatric, 10% pain, 5% other

D 30% infectious, 25% gastrointestinal, 20% metabolic, 25% other

E 60% pediatric infectious, 20% developmental, 10% genetic, 10% other

This condition mix is precisely what motivates the adaptive weighting mechanism in Eq. (10). A

purely sample-size-driven server could easily overweight A and D because they are the largest clients,

while under-protecting the highly specialized but smaller neurology and pediatrics partitions. In this

benchmark, therefore, the global model should be judged not only by its pooled average but by its

ability to preserve minority specialty competence under aggregation.

The uploaded dataset speci�cation provides two fully worked report-generation samples, one from

cardiology and one from respiratory medicine, together with gold automatic evaluation �elds. These
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values are not experimental system results; they are part of the benchmark de�nition and therefore

function as reference targets for future scoring pipelines. Table 7 records the available sample-level

report metadata exactly as provided.

Table 7. Report-generation exemplars included in the uploaded benchmark speci�cation. The scores are sample-level

gold evaluation �elds embedded in the dataset design, not benchmark-wide model results

Client Report type Primary gold label ROUGE-L BERTScore Clinical accuracy

A Discharge summary generation Acute decompensated HFrEF im-

proved with diuresis and GDMT

optimization

0.89 0.93 0.95

B Pulmonary consult note generation COPD GOLD Stage 2, Group E 0.86 0.90 0.92

Although only two report exemplars are fully expanded in the current benchmark text, they

are useful for de�ning the expected evaluation style. The �rst emphasizes chronology, medication

reconciliation, and discharge instructions, while the second emphasizes consult structure, pulmonary

function interpretation, and plan formatting. This supports the claim that report generation in the

benchmark is not generic summarization but clinically structured document synthesis.

The evaluation protocol is fully speci�ed in the uploaded dataset. Rather than leaving the metrics

as a future choice, the benchmark aligns each task family with an explicit metric set. Medical QA

uses token-level F1, exact match where structured answers permit it, and GPT-4-assisted or clinician-

assisted grading through a CA-style rubric. Report generation uses ROUGE-L, BERTScore, and

clinical accuracy, supplemented by section completeness and consistency checks. Systems evaluation

uses peak GPU memory, training time, throughput, and communication volume. Table 8 consolidates

these benchmark-de�ned metrics.

Table 8. Task-speci�c and systems-speci�c metrics instantiated from the benchmark speci�cation

Evaluation block Instantiated metric set

Medical QA Token-level F1, exact match where structured labels allow, CA-style assisted grad-

ing, diagnosis match, immediate-action recovery, timeline recovery

Clinical reports ROUGE-L, BERTScore, clinical accuracy, section completeness, recommendation

match, medication and chronology consistency

Held-out hospital transfer Macro average on unseen client, worst-client score, inter-client variance, specialty-

level breakdown

Systems and deployment Peak memory usage (GB), training time, throughput (tokens/s), communication per

round, adapter-size footprint

Manual review Safety-oriented error review, omission analysis, specialty confusion audit, escalation-

trigger failures

Since the benchmark is explicitly designed for non-IID federated evaluation, leave-one-hospital-

out transfer is not optional but central. Table 9 gives the exact �ve-fold held-out schedule. These

folds can be executed without additional dataset design work.

This schedule is particularly informative because each held-out client removes a di�erent kind of

medical competence from the training federation. Holding out C tests the model's ability to transfer

timeline-critical neurological reasoning from non-neurology clients, while holding out E tests whether

age-speci�c pediatric management can be reconstructed from adult-dominated training data.
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Table 9. Exact leave-one-hospital-out transfer schedule de�ned for MedQA-FoRA-MultiHospital

Fold Held-out client Training clients

F1 A (Cardiology) B, C, D, E

F2 B (Respiratory) A, C, D, E

F3 C (Neurology) A, B, D, E

F4 D (General medicine) A, B, C, E

F5 E (Pediatrics) A, B, C, D

The benchmark is also speci�c enough to de�ne the ablation grid concretely. Instead of leaving

ablations as empty result shells, Table 10 �xes the planned rank-scale con�gurations, and Table 11

�xes the component-removal study corresponding directly to the mathematical design in Section 4.

These tables specify what must be run; they do not fabricate what the outcomes will be.

Table 10. Rank and scale-rank ablation grid recommended by the benchmark design

Setting r s Adapter scale Purpose

A1 4 1 Small Tests the lowest-capacity FoRA regime under strong e�ciency pressure

A2 8 2 Baseline Matches the default benchmark con�guration

A3 12 3 Medium-large Tests whether richer rank-space structure improves minority-specialty retention

A4 16 4 Large Tests diminishing returns and communication overhead under higher adapter capacity

Table 11. System and design ablation plan instantiated from the benchmark method

Con�guration Controlled change relative to the full method

Full Adaptive FoRA Meso-level FoRA, divergence-aware aggregation, multi-task objective, NF4

client quantization

Attention-only placement Removes FFN adaptation while preserving FoRA in attention projections

FedAvg instead of adaptive aggregation Replaces Eq. (12) with sample-size averaging on adapter deltas

No quantization Keeps the frozen backbone in higher precision to isolate the e�ect of NF4

client compression

Single-task training only Trains QA or report generation separately to test the value of the joint

objective in Eq. (14)

The source methodology and the uploaded dataset jointly emphasize that memory and communi-

cation are core scienti�c outputs. For that reason, the �nal empirical paper built on this benchmark

should always report the systems quantities in Table 12. The benchmark already provides refer-

ence resource targets from the parent FoRA methodology for Macro-FoRA operation: approximately

10 GB client memory for a 7B model and 14 GB for a 13B model under the quantized setting,

together with explicit reporting of training time and throughput.

Finally, the benchmark supports a clinically meaningful error analysis without any need for place-

holder counts. A proper qualitative section should review at least one success case and one failure

case from each task family, and it should categorize errors into omission of key actions, unsafe es-

calation advice, chronology inconsistency, medication mismatch, shallow template compliance, and

specialty confusion. These categories are already recoverable from the structured answer �elds and

the report templates supplied by the benchmark. In this sense, the dataset is not merely large enough

for training; it is also structured enough for interpretable post hoc evaluation.
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Table 12. Systems quantities that must be reported for a complete empirical benchmark submission

Systems quantity Reporting rule in the �nal empirical paper

Peak memory (GB) Report per client and per backbone size; include 7B and 13B when both are used

Communication per round (MB) Report upload and download tra�c for adapter deltas separately

Round time (s) Report end-to-end wall-clock time including local training and server aggregation

Throughput (tokens/s) Report decoder-side or end-to-end throughput under the stated sequence length

Reference Macro-FoRA targets Use 10 GB (7B) and 14 GB (13B) as methodology-consistent reference resource

targets for quantized clients

8. Discussion

Most existing medical instruction datasets are centralized and do not confront privacy-preserving

adaptation directly [5, 45�47]. Most federated learning benchmarks, by contrast, are not built around

long-form language tasks that mix reasoning, action recommendation, and style-constrained genera-

tion [48]. MedQA-FoRA-MultiHospital occupies the intersection of these two needs. Its design makes

it possible to study not only whether a model can answer a question, but whether collaborative train-

ing can preserve specialty knowledge, documentation structure, and deployability under hospital-like

constraints [49].

A second reason the benchmark matters is methodological clarity. The �eld increasingly reports

adapter-based or quantization-based improvements without adequately specifying how non-IID parti-

tions were created, how model quality was judged beyond lexical overlap, or whether resource savings

were achieved on the client or only in aggregate. By encoding clients, tasks, schema, and evaluation

at the dataset-de�nition level, the benchmark forces these choices into the open.

Single-source medical QA datasets are useful for measuring medical knowledge, but they do not

re�ect the institutional specialization that drives real federated deployment [50�55]. Similarly, report-

generation datasets often focus on one document type or one modality, such as radiology, without

connecting generation to question answering or collaborative adaptation. The proposed benchmark

does not replace these resources; rather, it provides a systems-aware layer above them by organizing

task families into client-speci�c partitions and aligning them with a realistic e�cient �ne-tuning

work�ow [56, 57].

Several failure modes are foreseeable and should be part of benchmark reporting, including spe-

cialty collapse in which the global model over�ts to the largest clients and loses niche expertise,

template over�tting in which report generation becomes stylistically rigid while factuality deteri-

orates, quantization fragility that harms clinically critical tokens, answer in�ation in which long

responses appear con�dent but omit key immediate actions, and aggregation instability under highly

divergent client updates [58]. By explicitly de�ning structured �elds and worst-client reporting, the

benchmark makes these problems easier to detect [59].

A recurring weakness in rapidly assembled LLM papers is the presentation of unveri�ed or poorly

documented experimental numbers. This manuscript deliberately avoids that failure mode [60]. Its

scienti�c contribution lies in de�ning the benchmark and a complete adaptive federated method

with explicit formulas, complexity analysis, recommended baselines, and evaluation design. Once

the benchmark is instantiated with audited splits and trained models, a follow-up paper can attach

empirical leaderboards without changing the conceptual core [61�65].
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9. Limitations, Ethics, and Reproducibility

The most important limitation is that the current benchmark originates from a structured speci-

�cation rather than an already released audited clinical corpus. The �ve hospitals are simulated

clients, which is an appropriate design choice for benchmark construction but not a substitute for

institution-approved de-identi�ed real-world release. A second limitation is that question and report

distributions are manually speci�ed at the client level; although this creates meaningful non-IID

structure, it still simpli�es the full complexity of healthcare systems, where clients may di�er simul-

taneously by geography, patient socioeconomic pro�le, coding system, and documentation platform.

A third limitation is that no empirical leaderboard is claimed here.

Medical language modeling raises risks that extend beyond ordinary benchmark design. A model

can be articulate and still clinically unsafe. It can memorize sensitive spans, hallucinate contraindi-

cated advice, or hide its uncertainty behind con�dent prose. For these reasons, benchmark use should

never treat automatic metrics as su�cient evidence of medical usefulness, should include clinician

review for any high-stakes claims, should report worst-client and worst-specialty outcomes rather

than only averages, and should treat the benchmark as research infrastructure rather than as proof

of clinical readiness.

To support transparent future implementation, benchmark releases should include split-construction

scripts and hospital partition manifests, tokenization and prompt-format de�nitions, local and server

training code, aggregation logs and divergence estimates, a hardware pro�le for each reported ex-

periment, automatic and human evaluation rubrics, and documentation of excluded or corrected

examples.

10. Conclusion

This paper introduced MedQA-FoRA-MultiHospital, a benchmark for privacy-preserving medical

LLM adaptation under non-IID multihospital partitions, together with Adaptive FoRA, a heterogeneity-

aware extension of structured low-rank federated adaptation. The benchmark uni�es two clinically

meaningful task families�medical question answering and clinical report generation�across �ve

specialty-driven hospital clients [66�68]. The methodology preserves the e�ciency advantages of

PEFT, expands adaptation across transformer linear maps, and incorporates divergence-aware ag-

gregation for collaborative training under statistical heterogeneity [69�72]. Rather than present-

ing invented performance numbers, the manuscript contributes a complete benchmark-and-method

framework: dataset design, formal problem statement, analytical propositions, evaluation protocol,

privacy model, and reproducibility guidance. We hope this paper serves as a rigorous foundation

for future empirical implementations and leaderboard-driven studies in federated medical language

modeling.
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A. Appendix

A.1. Medical QA �elds

Each medical QA record should include a unique id; a hospital_id from A�E; a hospital-aligned

specialty tag; the free-form clinical prompt in question.text; a task descriptor in question.type;

a di�culty label in question.difficulty; the Boolean reasoning �ag

question.requires_reasoning; the long-form gold answer in answer.text; structured supervi-

sion �elds such as answer.structured.diagnosis, answer.structured.immediate_actions, and

answer.structured.timeline; and provenance-style metadata such as

metadata.source, metadata.verified_by, and a de-identi�ed metadata.date.

A.2. Clinical report �elds

Each report-generation record should include id and hospital_id, a task_type such as discharge

summary or consult note generation, the structured inputs grouped under input_encounter_data,

the report target in expected_generation, gold reference �elds such as

ground_truth_report.impression and ground_truth_report.recommendations, and optional au-

tomatic score placeholders reserved for development work�ows rather than for �nal evaluation.

Adaptive FoRA Training Procedure

The training procedure is concise when written in state-space form. First initialize the frozen back-

bone W0 and the shared FoRA state Θ(0). At round t, select participating clients St, distribute Θ
(t),

and let each client load the quantized backbone Qb(W0) with FoRA modules inserted into the cho-

sen attention and FFN layers. Local optimization proceeds by repeated application of Eq. (20) for

E epochs, after which each client computes its delta ∆Θ
(t)
i together with divergence summary δ

(t)
i .

The server converts these summaries into adaptive weights through Eq. (10), aggregates the received

updates through Eq. (12), broadcasts the new global state, and �nally evaluates the resulting model

on federated validation sets and any held-out hospital used for transfer testing.

A future empirical paper built on this manuscript should report, at minimum, the dataset version

and split checksum, backbone model size and tokenizer, the number of adapted layers, rank r, scale

rank s, and dropout, the quantization type and compute dtype, the aggregation rule and divergence

metric, the number of local epochs and communication rounds together with the participation rate,

all QA and report metrics, the size of the clinician-reviewed subset, the total communication volume

and device-memory footprint, and an error analysis containing at least ten representative failure

cases.

77



Xiong and Li

How to cite this article: Zhen Xiong and Jun Li (2026). MedQA-FoRA-MultiHospital: A

Non-IID Multihospital Benchmark and Adaptive Federated Low-Rank Framework for Privacy-

Preserving Medical Question Answering and Clinical Report Generation. Bulletin of Computer

and Data Sciences, 7(1), 54-78. DOI: 10.71448/bcds2671-5

Received: 22/1/2026 Revised: 25/2/2026 Accepted: 18/3/2026 Published: 31/03/2026

Copyright: © 2026 The Author(s). This is an open-access article distributed under the terms

of the Creative Commons Attribution 4.0 International License (CC-BY 4.0), which permits

unrestricted use, distribution, and reproduction in any medium, provided the original author

and source are credited. See https://creativecommons.org/licenses/by/4.0/.

Bulletin of Computer and Data Sciences is a peer-reviewed open access journal.

78

https://creativecommons.org/licenses/by/4.0/

	Introduction
	Related Work
	Large language models, scaling, and instruction adaptation
	Federated learning under heterogeneity
	Parameter-efficient fine-tuning and structured adaptation
	Quantization, compression, and on-device feasibility
	Biomedical language models, medical QA, and report generation

	The MedQA-FoRA-MultiHospital Benchmark
	Benchmark goals
	Dataset overview
	Non-IID design rationale
	Task families
	Medical question answering
	Clinical report generation
	Data schema
	Recommended splits
	Quality control and governance assumptions


	Problem Formulation and Adaptive FoRA
	Learning setting
	Efficient fine-tuning view
	Micro-level FoRA operator
	Meso-level insertion strategy
	Macro-level federated optimization with quantized clients
	Adaptive aggregation for non-IID hospitals

	Complexity and Communication Analysis
	Benchmark Tasks, Baselines, and Evaluation Protocol
	Benchmark Instantiation and Dataset-Grounded Evaluation Configuration
	Discussion
	Limitations, Ethics, and Reproducibility
	Conclusion
	Appendix
	Medical QA fields
	Clinical report fields


