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Abstract

Federated Multi-Task Learning (FL-MTL) enables clients with heterogeneous data
to collaboratively train models capable of handling multiple downstream tasks.
However, FL-MTL faces key challenges, including statistical heterogeneity, task
interference, and the need to balance local learning with global knowledge sharing.
Traditional methods like FedAvg struggle in such settings due to the lack of explicit
mechanisms to address these issues. In this paper, we propose FedRAM, a three-
step framework that progressively updates two scalar hyperparameters: the task
importance weight and the client aggregation coefficient. FedRAM introduces a
reference-proxy-agent strategy, where the proxy model serves as an intermediate
between the local reference model and the global agent model. This design reduces
the need for repeated local training while preserving local performance. Extensive
experiments on six real-world FL-MTL benchmarks show that FedRAM improves
performance by at least 3% over the most baseline on both in-domain and out-
of-domain tasks, while reducing computational cost by 15×. These results make
FedRAM a robust and practical solution for large-scale FL-MTL applications. The
code is available at https://github.com/wwffvv/FedRAM.

1 Introduction

Federated Learning (FL) [1] is a key paradigm in distributed machine learning, enabling multiple
clients to collaboratively train models while preserving data privacy. FL excels in scenarios where
clients share similar domains and statistically homogeneous data distributions. However, in real-world
multi-task learning (MTL) settings, significant data heterogeneity degrades global model performance
and impedes effective knowledge sharing. Consequently, existing FL methods [2–4] struggle to strike
a balance between in-domain performance and out-of-domain generalization in MTL contexts. To be
specific, we refer to the term domain as the data domain accessible to clients.

A key limitation of traditional FL [1] lies in its reliance on fixed aggregation coefficients, often
proportional to local sample sizes, as illustrated in Figure 1(a). While effective in homogeneous
settings, this approach fails to capture task-specific variations in MTL scenarios, leading to subop-
timal performance due to imbalanced client contributions. MTL settings commonly exhibit task
heterogeneity and non-IID data characteristics, such as feature and label distribution skews, class
imbalances, and quantity disparities [5]. To address these challenges, FL-MTL methods [6] leverage
task correlations to enhance local data representations. As illustrated in Figure 1(b), incorporating
similarity-based adjustments, through representations, tasks, or models, improves task alignment and
local training efficacy.

Despite these advances, FL-MTL methods inadequately address imbalanced client contributions,
where variations in data volume and relevance disproportionately impact the global model. This stems
from their focus on in-domain performance. Recent work on model merging [7] demonstrates the
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Figure 1: Comparison of aggregation strategies in federated learning. (a) Traditional FL aggregates
local models using fixed coefficients λ1, λ2 (e.g., weighted by local sample sizes). (b) FL-MTL
methods incorporate task correlations and data distributions to enhance local training. (c) FedRAM
employs adaptive aggregation coefficients α1, α2, dynamically adjusted by a proxy model to balance
client contributions.

efficacy of adaptive aggregation weights for task-specific models, while [8] emphasizes quantifying
client contributions to ensure aggregation fairness. These insights motivate us to propose a more
adaptive reweighting mechanism from three perspectives: (1) effective knowledge sharing, (2) robust
generalization, and (3) accelerated convergence.

In this work, we propose FedRAM, a novel framework tailored for heterogeneous multi-task dis-
tributed environments. FedRAM employs a three-step architecture, with each model assigned a
distinct role: (1) a compact local reference model θref that captures task-specific distributions and
serves as a benchmark for proxy model training; (2) a compact federated proxy model θproxy that
dynamically adjusts task-specific weights and client-specific aggregation coefficients, as illustrated
in Figure 1(c), and (3) a large federated agent model θagent that performs reweighted aggregation to
produce the final global model. This hierarchical design enables FedRAM to adapt to in-domain
variations while achieving strong out-of-domain generalization. Our contributions are summarized as
follows:

• We propose FedRAM, a novel FL-MTL framework that tackles multi-task heterogeneity through
a three-stage training process. Each stage employs tailored strategies aligned with the model’s
functional role.
• We introduce task-specific and client-specific weights as key hyperparameters in FedRAM,

along with their tuning processes. These mechanisms enable fine-grained control over task
prioritization and client contributions to enhance adaptability and performance.
• We conduct comprehensive experiments across diverse datasets, demonstrating that FedRAM

significantly outperforms state-of-the-art methods. Our framework achieves superior accuracy in
both in-domain and out-of-domain evaluations, faster convergence, and reduced computational
costs, validating its effectiveness and efficiency.

2 Related Work

Federated Learning. The seminal FL approach, FedAvg [1], aggregates locally trained models into
a global model by averaging client updates, offering communication efficiency and privacy benefits.
However, FedAvg assumes that client data are independent and identically distributed (IID). When
data distributions are non-IID, FedAvg exhibits slower convergence and reduced accuracy [9]. Subse-
quent works relax this IID assumption and emphasize personalization. FedProx [10] incorporates a
proximal term to reduce client drift. Ditto [11] introduces client-specific regularization to personalize
models while still learning a shared representation. More recently, methods like MOON [12] use
a contrastive mechanism to guide local updates based on global representations. DBE [8] tackles
domain biases by preserving both generic and client-specific knowledge. Despite these advances,
standard FL methods predominantly focus on learning a single global model or mildly personalized
models, which is often insufficient for complex multi-task scenarios.

Federated Multi-Task Learning (FL-MTL). Addressing the limitations of single-model FL, FL-
MTL tailors models to each client’s specific tasks, while still exploiting task interdependencies [6].
Early FL-MTL approaches, such as MOCHA [6] and MIFA [13], jointly learn task-specific and global
parameters but may suffer from high computational costs as the number of tasks grows. More recent
frameworks adopt architectural strategies to improve scalability. FedDAT [14] employs multi-modal
foundation models with dual adapters, enabling efficient sharing of representations for different
data modalities. FedBone [15] decouples a shared backbone from task-specific layers, balancing
communication efficiency and task-specific performance.

2



Server Domain

②.a Distribute

Client Domains

②.c Upload

③.a Distribute

③.c Upload

𝜃agent
𝐺

Step 1: Local Reference Model Training

𝜃ref
𝐿

Step 3 : Federated Agent Model Training

𝜃agent
𝐿

"What forms beads of water? 
(A) Necklaces. (B) Steam.
(C) Glass beads . (D) a wave
(E) tiny (F) a solute
(G) rain (H) Bracelets.

Question Answering

① Sam loved his old belt. ② He
match-ed it with everything. ③
Unfortunately, he gained too
much weight. ④ It became too
small. A1: Sam was happy. A2:
Sam was on diet.

Sentence Completion

①The NBA season of 1975 - 76
was the 30th season of the
National Basketball Association.
② The 1975 - 76 season of the
National Basketball Association
was the 30th season of the NBA.
Similarity: 1

Paraphrase Identification

Mixed Tasks

Ian volunteered to eat Dennis's 
menudo after already having a 
bowl because _ despised eating 
intestine. Ian volunteered to eat 
Dennis's menudo after already 
having a bowl because _ enjoyed 
eating intestine.

Coreference Resolution

𝜃∗: A smaller and shared

model structure for 𝜃ref
𝐺  ,

𝜃ref
𝐿  , 𝜃proxy

𝐺  and 𝜃proxy
𝐿 .

Notations

𝜃+ : A larger and shared

model structure for 𝜃agent
𝐺

and 𝜃agent
𝐿

𝜃proxy
𝐺

𝜃proxy
𝐿

𝜃ref
𝐿

ℒdif

②.d Aggregation

𝜃proxy
𝐿

𝒘

Client 

Weights

−

×

ℒexc

②.b Update Proxy

①.a Update Reference ①.b Freeze

Step 2 : Federated Proxy Model Training

③.b Update Agent

②.e Calculate

: Trainable Parameters

: Frozen Parameters

: Global Model𝜃𝐺
: Local Model𝜃𝐿

: Client/Server Operation

: Communication

𝜃agent
𝐿

③.d Aggregation

Figure 2: An overview of FedRAM framework comprising of Reference, Proxy, and Agent models.

Despite these innovations, a key challenge remains in how to fairly aggregate client contributions and
mitigate interference across tasks. Naive weighted-averaging weighting (e.g., proportional to data
sizes) may overlook important factors like task complexity or relevance to the global objective [9].
Several methods have proposed alternative aggregation schemes. Contribution-aware FL [16] weighs
clients by measuring improvement to the global model, while [17] and [7] explore adaptive model
merging to reduce parameter conflicts. Nonetheless, most existing work primarily targets either a
solution to non-IID distribution or coarse-grained multi-task modeling, without an explicit reweighting
module that can adapt both client- and task-level contributions in a unified federated framework.

Unlike prior work focusing solely on a single global model or static weighting heuristics, FedRAM
introduces a framework that systematically adjusts task and client aggregation weights based on local
performance improvements. This design alleviates inter-task conflicts and reduces computation and
communication overhead by separating lightweight proxy updates from larger agent model training.

3 Problem Statement

Consider a scenario with total K clients and each possesses a local training dataset mixed by distinct
T tasks. We use Dτk to present the data from the k-th client and τ -th task (DL denotes local data).
The overall goal is to train an FL model that balances local task-specific distribution and adaptation
to global knowledge. We consider two non-negative weights: task weights α = [α1, ..., ατ , ..., αT ],∑T
τ=1 ατ = 1 and client weights w = [w1, ..., wk, ..., wK ],

∑K
k=1 wk = 1 . Building on this, the

optimization goal of model θ is formulated as:

min
θ,α,w

L(θ;α;w) =

K∑
k=1

wk

T∑
τ=1

ατLθ(Dτk). (1)

We decouple this objective as a local loss Llocal and a global loss Lglobal:

Llocal = Lθ1(DL) +

T∑
τ=1

ατ (Lθ2(DτL)− Lθ1(DτL)) (2)

We derive ατ by two steps: 1. Minimizing Lθ1(DL); 2. Minimizing the second term by co-optimizing
θ2 and ατ . We assign θ1 and θ2 with the same model architecture.

Lglobal =

K∑
k=1

wkLlocal (3)

Our proposed framework follows a three-step sequential solution: α, w and θ3, respectively. In our
implementation, we refer to the three distinct models as θref, θproxy, and θagent.

4 Proposed Method

As illustrated in Figure 2, FedRAM employs distinct notations: θG and θL differentiate models
deployed on the server (Global model) and client devices (Local models), respectively; θ∗ and θ+
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Figure 3: A functional overview of the three models in FedRAM.

distinguish between smaller and larger model architecture. Specifically, FedRAM consists of three
main functional models (Figure 3), summarized as follows:

• Reference. With previously training in the local client’s domain in Step 1, the frozen θref (Step
2) is kept local and then used to calculate the excess loss Lexc, which helps train θproxy and adjust
the task weights ατ .

• Proxy. By applying a smaller model architecture θ∗, the FL-trained θproxy learns prior knowledge
of task heterogeneity at a lower cost. In Step 3, θproxy tunes the client weights wk.

• Agent. At the final stage of FedRAM, larger model θagent is trained in FL for final evaluation.
The training process incorporates the tuned parameters ατ (for resampling local data) andwk

(for weighted aggregation), which are obtained through θref and θproxy.

According to the Algorithm 1 for FedRAM, we illustrate each step in the following sections.

4.1 Step 1: Local Reference Model Training

FedRAM benefits from local reference model training in two ways: 1. A set of locally adapted
reference models θLref enables the adaptation process to local multi-task distributions; 2. Applying a
lightweight model architecture lowers the computation cost. The key steps are as follows:

• Model Initialization: Clients receive a globally shared model structure θ∗.

• Local Optimization Objective: The reference models are optimized to gain a better represen-
tation of local distributions:

min
θLref

L(θLref) =
1

|DL|
||fθLref

(x)− y||2. (4)

where (x, y) denotes the data and label in local dataset DL. |DL| is the dataset size.

• Local Updates: Clients independently and locally update the parameters of θ∗, thus deriving
the reference models θLref.

θLref ← θLref − β∇θLref
L(DL; θLref) (5)

where β represents the learning rate, L represents the loss function.

• Parameters Freezing: The well-trained reference models θLref freeze their parameters and are
kept within the local domain. Specifically, in Section 4.2, the inference outputs of θLref are utilized
to compute excess losses for training the proxy models θLproxy.

Once each client has updated their reference model and reported to the server, the server would
embark on the Step 2 proxy model training process.

4.2 Step 2: Federated Proxy Model Training

In this subsection, we introduce the excess loss updates in the Local Training process and the
task-weights-based aggregation scheme in the Global Aggregation process.
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4.2.1 Local Training of Proxy Model

In a local training round, the proxy model employs group distributionally robust optimization [18] to
fine-tune the model parameters θLproxy. The loss update process consists of the following steps:

• Initialization: To align with reference models, the proxy models θGproxy and θLproxy are randomly
initialized with θ∗ for lightweight training.
• Task-wise Loss Computation: To better measure the contributions by distinct tasks, task-wise

datasets Dτk ∈ Dk are divided within the domain of client k. The split of different tasks aligns
with the task weights ατ , (τ = 1, 2, ..., T ). The task-wise loss is denoted as `τ = L(DτL; θLproxy).
• Excess Loss Calculation: Following the notation of task-wise losses `τ , the excess loss calcu-

lation involves the inference loss `τref of frozen reference model and `τproxy of the updating proxy
model. To quantify the potential improvement between the federated proxy performance and the
reference headroom [19], the task-wise excess loss is calculated as:

`τexc = max { 1

|DτL|
(`τproxy − `τref), 0} (6)

where |DτL| is the dataset size of DτL. Note that positive values mean that the proxy model
represents the local distributions better than the reference model.
• Dynamic Task Weight Adjustment: Task-specific weights α (α ∈ Rn×1) are iteratively

adjusted:
ατ ← ατe

ητ `
τ
exc (7)

where ητ ∈ ηtask is an exponential scaling factor for task τ , controlling the scaling span. For
a hyperparameter study of the exponential scaling factor ητ , please refer to Appendix B.3. A
smooth parameter s is introduced to balance α− and the dynamically calculated α+: α =

sα− + (1− s)α+. Besides, normalization is employed to bound α and ensure
∑T
τ=1 α = 1.

• Local Optimization Objective: The proxy model’s local optimization aims to minimize the
combined weighted excess losses across tasks:

min
θLproxy

L(θLproxy, α) =

T∑
τ=1

ατ `
τ
exc. (8)

This objective ensures that local training addresses the specifics of each task.

4.2.2 Global Aggregation of Proxy Models

FL aggregation facilitates global knowledge sharing related to task-specific adjustments. FedAvg is
adopted as a baseline in the aggregation of proxy models:

θGproxy(t)← θGproxy(t− 1) +

K∑
k=1

|Dk|∑
|Dk|

∆θkproxy(t), (9)

where t denotes the t-th communication round, and k represents the k-th client. In the following
sections, the symbol θk instead of θL is used to explicitly denote the k-th local model.

4.3 Step 3: Federated Agent Model Training

Agent models θLagent and θGagent act as the decision-maker and perform a primary evaluation subject to
FedRAM framework.

Resampling Client Dataset. By utilizing the task weights generated in Step 2, at the start of each
communication round, resampling each client domain ensures the heterogeneity in the MTL setting
can be contributed proportionally to the global learning objective.

Optimizing Client Weights. FedRAM adjusts the merging weights wk for each agent model based
on the differential loss. Similar to Equation 6 and 7, the differential loss `dif is defined as below:

`dif =
1

|D̃τL|
(`Lproxy − `Gproxy) (10)
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and the client merging weights are formulated by:

wk ← wke
ηk`

k
dif , (11)

where ηk is an exponential scaling factor. Here, a smoothing parameter and normalization can be
introduced as in Equation 7. A hyperparameter study of ηk is provided in Appendix B.3.

Local Optimization Objective: The optimization aims to minimize the local losses:
min
θLagent

L(DL; θLagent). (12)

Global Aggregation and Model Finalization. After optimizing the aggregation weight, the global
model aggregation is performed using reweighted client weights:

θGagent(t)← θGagent(t− 1) +

K∑
k=1

wk∆θkagent(t). (13)

where the θkagent instead of θLagent is used to provide a more fine-grained representation of client k. To
further improve FedRAM, various aggregation methods can be used as an alternative combination.
We provide the convergence proof in Appendix A.

Algorithm 1: FedRAM

Input: Base models θ∗, θ+ (with initialization θLref, θ
G
ref, θ

L
proxy, θ

G
proxy ← θ∗; θLagent, θ

G
agent ← θ+),

number of clients K, exponential scaling factors ηtask and ηclient, smoothing parameter s,
client k training data Dk, learning rate β

Output: Global agent model θGagent

1 STEP 1: Train Reference Model
2 for client k = 1, 2, ...,K do
3 θkref ← θkref − β∇θkref

L(Dk; θkref) . Local Training

4 STEP 2: Train Proxy Model
5 for Communication round t = 1, 2, ..., T do
6 for client k = 1, 2, ...,K do
7 θkproxy(t)← θGproxy(t− 1); α(t)← α(t− 1) . Update Last Round Parameters
8 for task τ = 1, 2, ..., T do
9 `τexc ← max

{(
∇θkproxy

L(Dτk ; θkproxy)−∇θkref
L(Dτk ; θkref)

)
/|Dτk |, 0

}
10 α(t)← α(t) · eηtaskLexc by Lexc = [`1exc, `

2
exc, . . . , `

T
exc] . Update α

11 θkproxy(t)← θkproxy(t)− β · α(t) · Lexc . Update Local Proxy Model

12 Last Epoch: `kdif ←
(
∇θkproxy

L(Dk)−∇θGproxy
L(Dk)

)
/|Dk|

13 Lexc = [`1exc, `
2
exc, . . . , `

K
exc]

14 w(t)← w(t− 1) · eηclientLexc . Server Update w
15 θGproxy(t)← θGproxy(t− 1) +

∑
k ∆θkproxy(t) . Server Aggregation

16 STEP 3: Train Agent Model
17 for Communication round t = 1, 2, ..., T do
18 for client k = 1, 2, ...,K do
19 θkagent(t)← θGagent(t− 1) .Resample the task datasets by size and α
20 θkagent(t)← θkagent(t)− β · ∇θkagent

L(Dk; θkagent) . Update Local Agent Model

21 θGagent(t)← θGagent(t− 1) +
∑
k wk∆θkagent(t) . Server Aggregation

5 Experiment

5.1 Experiment Settings

Datasets. Following the work in [17] and [7], we conduct experiments based on four diverse
categories of NLP datasets, each corresponding to specific task types, including: (1) Question
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Answering: QASC [20], WikiQA [21], and QuaRTz [22]; (2) Paraphrase Identification: PAWS [23]; (3)
Coreference Resolution: Winogrande [24] and WSC [25]; (4) Sentence Completion: Story Cloze [26].
In constructing mixed local datasets, we especially focus on two settings as follows.

• Setting 1: The number of clients K larger than the number of tasks T (K ≥ T ). We primarily
consider K = 10 and T = 7 in our main text. Thorough statistics of data distributions are
provided in Figure 5 in Appendix B.

• Setting 2: An extreme heterogeneous case with each client assigned one distinct task. We
provide a case study under Setting 2 in Appendix B.

Training Setup. In the experiments, we employ a global LoRA configuration to fine-tune the
parameters. We adopt T5-small model as θ∗ and T5-base model as θ+. We assume equal values for
exponential scaling factors (ητ and ηk) and smoothing parameter s. Our simulations are conducted
on a cloud instance, equipped with 8 NVIDIA A10 GPUs (24 GiB of memory per GPU), 128
vCPUs (Intel Xeon Platinum 8369B), and 512 GB RAM. For the three-stage training, we employ
cross-entropy loss with an Adam optimizer, setting the learning rate β to 1 × 10−3. We set the
maximum global rounds to 50. For simplicity, we assume that all clients can participate in every
communication round. More details about our experiment implementation and baselines can be found
in Table 4 in Appendix B.

Evaluation Metrics. We evaluate model performance using both global and local held-out validation
data. Specifically, we consider both the In-Domain (ID) and Out-of-Domain (OOD) evaluation
strategies to assess the generalization capabilities of the model:

• In-Domain Evaluation: Evaluating the model on tasks that are locally accessible to individual
clients. ID evaluation helps measure how well the model adapts to local data during training.

• Out-of-Domain Evaluation: Assessing the model on tasks that were introduced by other clients
and are locally inaccessible. OOD Acc reflects the model’s robustness and ability to generalize.

ID Acc =

∑T
τ=1 Acc(τ)τ |DτL|∑T

τ=1 |DτL|
, OOD Acc =

∑T
τ=1

∑
τ̂ 6=τ Acc(τ̂)τ |Dτ̂ |∑T

τ=1

∑
τ̂ 6=τ |Dτ̂ |

. (14)

where τ and τ̂ denotes task τ and τ̂ , Acc(τ)τ denotes the accuracy for a client trained on task τ
while tested on task τ , |DτL| is the dataset of task τ and |DτL| is the sample size of task τ .

5.2 Results and Discussion

5.2.1 Main Results

Table 1: Comparison of FL methods across diverse tasks using global, local, and in-domain/out-
of-domain (ID/OOD) evaluation metrics. FedRAM achieves superior F1-scores in global and local
validations, as well as competitive ID/OOD performance. Scores in bold denote the best performance,
and underlined scores indicate the second-best.

Methods
Tasks Global Local F1-Score / ID / OOD

PAWS WSC
Wino

QASC
Qua- Story Wiki F1-Score Bottom Decile Evaluation

Grande RTz Cloze QA

FedAvg [1] 83.36 77.90 75.99 32.44 78.30 82.20 79.78 72.71 76.34 / 54.79 71.68 / 75.66
FedProx [10] 78.45 73.39 80.29 28.87 78.83 76.77 66.35 68.83 73.73 / 55.45 70.30 / 72.03

Ditto [11] 83.25 77.69 77.65 30.04 77.97 80.28 79.79 72.26 77.09 / 62.37 70.83 / 71.75
FedRep [27] 74.56 63.55 76.91 34.58 64.71 82.45 66.35 66.95 76.89 / 66.89 65.48 / 55.79
MOON [12] 74.45 73.39 78.88 31.91 79.21 78.24 79.79 70.31 72.71 / 56.30 69.70 / 71.66

DBE [8] 81.22 76.44 76.25 30.82 78.40 81.56 79.79 72.08 75.56 / 58.53 68.09 / 73.16
FedMTL [28] 89.04 74.90 78.77 32.10 66.05 84.54 79.73 74.12 78.88 / 62.32 76.01 / 75.64
FedBone [15] 85.31 75.50 78.32 35.48 55.24 81.24 79.79 71.19 71.85 / 61.60 67.97 / 70.39

FedRAM (Ours) 81.11 77.69 80.78 36.15 80.36 77.62 79.79 75.94 79.62 / 73.21 72.89 / 76.32

Table 1 presents a comprehensive evaluation of FedRAM against SOTA FL methods across diverse
tasks and metrics. FedRAM consistently outperforms baselines in global and local F1-scores,
particularly in the bottom decile, while achieving competitive ID and OOD performance. Key
observations include: (i) FedRAM achieves the optimal global and task-wise performance, with a
global F1-score of 75.94, achieving the highest performance in 4 out of 7 tasks. (ii) On the QASC
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task, all methods exhibit a drop in F1-score, while FedRAM maintains relatively high performance.
This decline is attributed to the inherent label imbalance in the multiple-choice answer selection
task. (iii) In terms of local evaluation, FedRAM achieves the highest average score of 79.62 among
clients, with a bottom decile score of 73.21. Notably, the bottom decile typically occurs in the QASC-
dominated client (possessing the largest proportion of QASC data), where severe label imbalance
poses a significant challenge. While FedMTL and FedRep achieve competitive overall performance
across clients, they fail to directly enhance the performance of the QASC-dominated client. (iv) For
ID and OOD evaluation, FedRAM achieves scores of 72.89 (2nd) / 76.32 (1st).

Compared to weight adjustment strategies such as DBE and non-adjustment baselines (FedAvg,
FedProx), FedRAM demonstrates a significant improvement of at least 3% across multiple metrics.
This improvement validates FedRAM’s improvement through adjusting task sample rates and client
aggregation weights. FedRAM exhibits competitive performance in comparison to other task-
correlation considered methods (including MOON, FedMTL, and FedBone). FedRAM offers a
well-balanced performance across both ID and OOD evaluations, though FedMTL shows better ID
performance (which is greatly skewed by the biased performance of PAWS and Story Cloze).

5.2.2 Convergence Analysis

Figure 4 demonstrates that integrating FedRAM at Step 3 with established FL methods such as
FedAvg, FedMTL, and FedBone, consistently accelerates convergence compared to these methods
alone. As depicted in Figure 4(a), FedRAM yields a modest yet significant improvement in loss
convergence when combined with FedAvg, though FedAvg achieves a slightly lower final accuracy.
Notably, FedRAM improves the global and local F1-score by 3% over FedAvg (Table 1) and reduces
the rounds to convergence by 15% (Table 5). Figure 4(b) highlights the substantial performance
boost from integrating FedRAM with FedMTL, achieving faster and more efficient loss reduction
compared to FedMTL alone. Similarly, Figure 4(c) shows that combining FedRAM with FedBone
markedly enhances loss reduction. These results underscore FedRAM’s effectiveness in dynamically
adapting weights and learning rates to local data characteristics and task-specific requirements.

(a) (b) (c) 

Figure 4: Convergence analysis of FedRAM integrated at Step 3 with (a) FedAvg, (b) FedMTL, and
(c) FedBone, compared to baseline methods.

5.2.3 Computational and Communication Costs

Computational cost, defined as the total FL training time, depends on the number of communication
rounds R and local computational complexity, while communication cost arises from the repeated
transmission of a considerable number of model parameters during training. Table 2, DBE incurs the
highest computational overhead (34,173s) due to its dual-module training mechanism. In contrast,
FedRAM achieves a competitive computational cost (12,060s) through the following optimizations:

Decoupled Training: Lightweight reference and proxy models (θ∗) requiring only 10-15% of total
computation resources. As detailed in Table 5 of Appendix B.4, the agent model θagent consistently
accounts for 85.08%-88.02% of total computation time across varying client scales (N = 10 to 50).

Reweighted Aggregation Coefficients: FedRAM dynamically adjusts client update weights and
learning rates during aggregation, optimizing convergence by prioritizing updates aligned with
local data characteristics and task-specific requirements, as detailed in Section 5.2.2. Consequently,
FedRAM reduces convergence rounds by 15% relative to FedAvg. While FedGF and FedMTL
converge in fewer rounds, their computational costs are significantly higher than FedRAM’s 12,060s.
In contrast, FedRAM achieves a superior balance of computational efficiency and model accuracy.

8



Table 2: Comparison of computational cost, convergence rounds, and communication cost across FL
methods. R denotes the convergence rounds for θ+, S denotes the convergence rounds for θ∗.

Algorithm Computational Convergence Communication CostCost (s) Rounds

FedAvg [1] 13774 21 R×K × 2θ+

FedProx [10] 24195 25 R×K × 2θ+

Ditto [11] 27782 27 R×K × 2θ+

DBE [8] 34173 27 R×K × 2θ+

FedMTL [28] 24502 17 R×K × 2θ+

FedBone [15] 40989 30 R×K × 2θ+

FedGF [29] 15596 16 R×K × 2θ+

FedRAM (Ours) 12060 18 S ×K × 2θ∗ +R×K × 2θ+

5.2.4 Ablation Studies

Table 3: Ablation study of FedRAM main models.
Exp. Method Eval. Global F1 Local F1

1 w/o θref, θproxy θagent 72.71 76.34
2 w/o θref θagent 71.17 73.58
3 w/o θproxy θref 70.52 72.54
4 w/o θagent θproxy 2.69 2.51

5 FedRAM θagent 75.94 79.62

We systematically evaluate the contributions of
the functional models in FedRAM: θref, θproxy,
and θagent. Table 3 presents the performance
of various ablated configurations, measured by
Global and Local F1-Scores. Note that to main-
tain the three-step pipeline integrity, ablated
components are replaced with randomly initial-
ized surrogates, and evaluations are conducted
across these different model configurations. In our ablation study, we assess each model by comparing
the complete FedRAM (Exp. 5) with configurations where specific models are excluded (Exp. 1-4).

(1) Reference Model: When assessing the only reference model (Exp. 3), both global and local
metrics exhibit a drop, demonstrating its limitations due to smaller parameter size. Comparing Exp.
2 and 5, excluding θref (Exp. 2) results in a notable performance decline relative to the baseline,
underscoring the critical role of local training in addressing non-IID data challenges.

(2) Proxy Model: Combining θref and θproxy without θagent (Exp. 4) leads to a significant performance
drop, as θproxy cannot independently update its parameters on local datasets. This behavior stems from
θproxy’s design, which aligns closely with θref as a locally trained benchmark. The proxy model first
solves for model-agnostic hyperparameters α and w to avoid higher computational cost imposed by
correlated minimax training across hyperparameter tuning and agent model training. Comparing Exp.
2 (without θproxy, F1: 71.17) and Exp. 5 (F1: 75.94), the proxy model’s contribution to optimizing
aggregation coefficients is evident.

(3) Agent Model: Exp. 1 and 2 reveal the performance contribution of θagent, which serves as the
baseline model. Although there is a performance drop compared to Exp. 5, we can conclude that
building upon the agent model’s baseline performance, the reference and proxy models contribute by
fine-tuning aggregation coefficients.

5.2.5 Extensions
Hyperparameter Sensitivity. Our empirical analysis reveals that the optimization of task and client
weights is highly sensitive to two key hyperparameters, ηtask and ηclient. A comprehensive sensitivity
analysis of these hyperparameters is provided in Appendix B.3, revealing their impact.

Model Scalability. We leverage a compact proxy model to optimize client weights, which are then
directly applied to enhance agent training at a significantly larger scale (up to 15×). The choice of the
reference/proxy model, when the agent model is fixed, critically influences the client weights derived
by FedRAM. To investigate the minimal viable size of the reference/proxy model, we introduce an
Agent-to-Proxy (A/P) ratio, with detailed evaluations presented in Appendix B.4.

Client Scalability. In Section 5.2.1, we evaluate FedRAM in Setting 1 with a client number K set
to be 10. To assess scalability in real-world scenarios with larger client populations, we extend
the analysis to client counts of 20 and 50. These experiments, detailed in Appendix B.5, confirm
FedRAM’s robustness and scalability across varying client numbers.

Task Scalability. The heterogeneity in tasks and data distributions can significantly influence the
task and client weights adjusted by FedRAM. For instance, task weights enhance performance by
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mitigating proxy excess loss (Section 4.2) and enabling resampling of data distributions for agent
model training (Section 4.3). Further analyses, including task size variations (e.g., Heterogeneous
Tasks under Setting 2) and alternative task types (e.g., Vision Tasks), are discussed in Appendix B.6.

6 Conclusion
In this paper, we propose FedRAM, a novel FL-MTL framework. To address task heterogeneity,
we decouple the primary learning objective into phased sub-objectives, leveraging three distinct
functional models with tailored learning strategies. We validate FedRAM’s effectiveness through
comprehensive metrics, including ID and OOD performance, convergence, computational cost, and
ablation studies. Additionally, we provide convergence analysis and supplementary experiments in
Appendices A and B, respectively.
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A Convergence Analysis

A.1 Theorem 1: Convergence of Standard FedAvg

We begin by recalling the standard convergence analysis for FedAvg under the standard assumptions
of the main text.

Theorem A.1 (Convergence of FedAvg). Let Lk(θ) be the local loss function for each client k,
satisfying the L-smoothness, bounded variance, and bounded gradient norm assumptions. Under
these assumptions, the global model converges to a stationary point θ∗ with the following bound on
the convergence rate after T rounds:

E[L(θT )− L(θ∗)] ≤ C

T
,

where C is a constant that depends on the initial conditions and the smoothness parameter L.

Proof of Theorem 1. The proof follows from standard results in FL, as in [10]. The core idea is to
bind the decrease in the global loss function at each iteration by using the smoothness of the local
loss functions and the bounded variance of the stochastic gradients. Specifically, we use the descent
lemma:

L(θt+1) ≤ L(θt) + 〈∇L(θt), θt+1 − θt〉+
L

2
‖θt+1 − θt‖2,

and show that the expected decrease is proportional to 1/T , leading to the convergence rate of
O(1/T ). For more details, see [10].

A.2 Theorem 2: Convergence of FedRAM with Dynamic Weights and Proxy Model

We now provide detailed proof of the convergence result for FedRAM, incorporating dynamic weight
adjustments mediated by the proxy model.

Theorem A.2 (Convergence with Adjusted Aggregation Weights in FedRAM). Let Lk(θ) be the
local loss function for each client k, satisfying the L-smoothness and bounded variance assumptions.
Then, with weight adjustments αk moderated by a proxy model based on differential loss, the global
model in FedRAM converges to a stationary point θ∗, with the following bound on the convergence
rate after T rounds:

E[L(θT )− L(θ∗)] ≤ C̃

T
+
σ̃2

P

(
1

K

K∑
k=1

1

nk

)
+O(ε),

where C̃ is a constant reflecting the weight adjustments and σ̃2 represents the reduced variance in
gradients influenced by the proxy model, andO(ε) captures the error due to task heterogeneity across
clients.

Proof of Theorem 2. The proof for the convergence with adjusted weights now includes the
influence of the proxy model, which acts as a mediator to adjust the weights based on client-specific
excess loss and task complexity.

Step 1: Descent Lemma with Proxy Model Involvement. By the L-smoothness assumption and
incorporating the proxy model’s adjustments, we apply the descent lemma for any iterate θt:

L(θt+1) ≤ L(θt) + 〈∇L(θt), θt+1 − θt〉+
L

2
‖θt+1 − θt‖2.

The global model update rule now reflects the proxy model’s influence:

θt+1 = θt +

K∑
k=1

wk∆θtk,

wherewk are the weights adjusted by the proxy model based on the assessment of each client’s needs
and contributions.
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Step 2: Variance Reduction via Aggregation Coefficients Enhanced by Proxy Model. The
proxy model enhances the weight adjustments wk, leading to an optimized reduction in the variance
of the aggregated gradient updates, thus improving the stability and effectiveness of the learning
process. The adjusted variance is now denoted by σ̃2, which accounts for the proxy’s role in
minimizing discrepancies in client updates.

Variance Decomposition of Federated Aggregation. Let the local client gradient be gtL =
∇Lk(θt), and the global aggregated gradient is:

gtG =

K∑
k=1

wk∇Lk(θt),

where the adjusted weights satisfy
∑K
k=1wk = 1. The variance decomposes as the combination of

the inter-client variance and cross-client variance:

E
∥∥gtG − E[gtG]

∥∥2 =

K∑
k=1

w2
kE ‖∇Lk − E[∇Lk]‖2+

∑
k 6=j

wkwjE [〈∇Lk − E[∇Lk],∇Lj − E[∇Lj ]〉] .

Proxy-Driven Weight Adjustment. The proxy model optimizes weights via wt+1
k ∝ wt

ke
ηk`

k
dif ,

where `kdif = Lk(θproxy) − Lk(θref). Assuming local gradient variance E‖∇Lk − E[∇Lk]‖2 ≤ σ2
k,

the total variance satisfies:

E
∥∥gtG − E[gtG]

∥∥2 ≤ K∑
k=1

w2
kσ

2
k +

∑
k 6=j

wkwjρkjσkσj ,

where ρkj is the gradient correlation coefficient between clients k and j.

Optimal Variance Reduction via Proxy Weights. If the proxy adjusted weights satisfy wk ∝ 1
σ2
k

,
we can construct the Lagrangian as:

L =

K∑
k=1

w2
kσ

2
k − λ

(
K∑
k=1

wk − 1

)
,

take derivatives w.r.t. wk, and solve for optimal weights:

w∗k =
1/σ2

k∑K
j=1 1/σ2

j

⇒ σ̃2 =

K∑
k=1

(w∗k)2σ2
k =

1∑K
k=1

1
σ2
k

.

Thoughwk ∝ 1/σ2
k is idealized, the proxy model approximates client reliability using `kdif (assuming

σ2
k ∝ `kdif), leading to:

σ̃2 ≤ max
k

σ2
k

K
· e2ηk`

k
dif(∑K

k=1 e
ηk`kdif

)2 .
This upper bound is strictly smaller than FedAvg’s σ2

FedAvg = 1
K

∑K
k=1 σ

2
k when η is properly tuned.

Step 3: Enhanced Convergence Bound. By combining the refined descent lemma and the en-
hanced variance reduction facilitated by the proxy model, we derive a more robust bound on the
convergence rate, effectively reducing errors and speeding up convergence compared to traditional
methods.

E[L(θT )− L(θ∗)] ≤ C̃

T
+
σ̃2

P

(
1

K

K∑
k=1

1

nk

)
+O(ε).

This approach ensures a more adaptive and responsive FL environment, effectively addressing the
complexities of real-world distributed learning scenarios.
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A.3 Theorem 3: Convergence of Proxy Model with Excess Loss

Theorem A.3 (Convergence of Proxy Model). Under the assumptions of L-smoothness and bounded
gradient ‖∇`kexc‖ ≤ G, the proxy model with task weights αk updated by αt+1

τ ∝ αtτeητ `
τ
exc , satisfies:

E[L(θT )− L(θ∗)] ≤
C̃proxy

T
+
σ̃2

proxy

P

(
1

T

T∑
τ=1

(ατ )
2

)
+O(ε).

where C̃proxy is a constant reflecting the weight adjustments and σ̃2
proxy represents the reduced variance

in the gradients influenced by the excess loss of proxy model and reference model, and O(ε) captures
the error due to the heterogeneity of the tasks among clients.

Proof of theorem 3. The proxy model’s convergence follows the same framework as the agent model
(Theorem 2), with modified weights αtτ that adapt to different tasks `τexc. The key adaptation lies in
the variance term:

Proxy Variance =
σ̃2

proxy

P

(
1

T

T∑
τ=1

(ατ )
2

)
≤ max

τ

σ2
τ

T
· e2ητ `exc(∑T

τ=1 e
ητ `τexc

)2 .
The full derivation parallels Theorem 2’s steps, replacing client weights wt

k with task weights αtτ ,
and differential loss `dif with excess loss `exc.

B Supplementary Experiments

B.1 Experimental Setup

The hierarchical architecture of FedRAM comprises three model categories: (1) reference models (θref)
preserving task-specific knowledge through localized training, (2) proxy models (θproxy) analyzing
cross-task relationships via parameter (θ∗), and (3) agent models (θagent) integrating global knowledge
through larger parameters (θ+). Our default training environment involves K = 10 clients handling
N = 7 distinct tasks over T = 50 communication rounds. The optimization process employs a
learning rate β = 10−3 with weight decaywd = 10−4 to prevent overfitting. Critical hyperparameters
include an exponential scaling factor η = 0.1 for contribution reweighting and a smoothing parameter
s = 0.01 to stabilize gradient updates. Notably, each communication round completes P = 1
local training step to minimize client-side computation overhead. This default experimental setting
validates through experiment results in Section 5.2 and Appendix B.

Table 4: Default experimental settings. θ∗ denotes the reference and proxy models, θ+ the agent
model.

Hyperparameters Definition Values
θref Reference Model θ∗

θproxy Proxy Model θ∗

θagent Agent Model θ+

K Number of Clients 10
T Number of Tasks 7
β Learning Rate 1E−3
wd Weight Decay 1E−4
T Communication Rounds 50
P Training Steps 1

ηtask, ηclient Exponential Scaling Factor 0.1
s Smoothing Parameter 0.01

B.2 Data Initialization.

Figure 5 displays the heterogeneity in both task distribution and data availability across different
federated clients, illustrating significant heterogeneity in the data handled by different clients. Panel
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Figure 5: Heterogeneity Statistics Across Tasks and Clients. (a) Gray bars represent data size
variations across different tasks. (b) Blue bars indicate the distribution of task categories per client,
showing the diversity in tasks handled by different clients. (c) Green bars depict the data size within
each client domain, where darker green represents the maximum dataset size, and lighter green
indicates the total available data.

(a) highlights the imbalance in task sizes, where some tasks contain significantly more training
samples than others, leading to disproportionate model updates during federated training. Panel (b)
shows that clients engage with varying numbers of tasks, with some handling a diverse set of task
categories while others specialize in fewer domains. This discrepancy suggests the necessity for
flexible model adaptation strategies. Finally, panel (c) visualizes the data size per client, revealing that
certain clients have access to large datasets but may not fully utilize them. The overall heterogeneity
observed in task distribution and data volume underscores the limitations of traditional FL approaches,
such as FedAvg, which assume homogeneous data distributions.

B.3 Hyperparameter Analysis

Effect of ηclient on Client Weights Evoluation and Performance. Figure 6 depicts how client
weights evolve over iterations in FedRAM, reflecting adjustments based on the parameter ηclient. The
variation in ηclient values shows distinct convergence behaviours, which are critical for understanding
how FedRAM adapts to different client needs. For values of ηclient near 0, weight changes are
gradual and uniform, indicating a balanced approach to weight adjustments among clients. As ηclient
moves away from 0, either negatively or positively, the weight trajectories show more pronounced
disparities between clients, suggesting a more aggressive or conservative reweighting strategy. This
is particularly noticeable with ηclient values of -1 and 1, where weights converge more distinctly.

Figure 8(b) further demonstrates how ηclient affects global performance, local adaptation, and out-
of-domain generalization. Small values of ηclient result in a more stable and gradual improvement in
accuracy, while extreme values lead to larger performance variations, reflecting different aggregation
strategies under heterogeneous conditions. As ηclient moves further from 0 (either negative or positive),
weight updates become more aggressive, amplifying disparities in client importance. This explains
the increasing trend in global performance seen in Figure 6.

We analyze the impact of hyperparameter ηclient based on Figure 8(b). The results indicate that positive
values of ηclient lead to higher weights being assigned to clients with larger losses, encouraging the
global model to prioritize the underperforming models for improvement. In contrast, negative values
of ηclient allocate greater weight to clients with smaller global losses, reinforcing the influence of
well-performing models during global evaluation. Empirical observations in Figure 8(b) suggest that
positive ηclient values yield more stable and consistent performance across all four evaluation metrics,
making them a preferable choice for balancing model adaptation and generalization.

Effect of ηtask on Task Weights Evoluation and Performance. Figure 7 illustrates the dynamic
evolution of task weights over different training iterations in FedRAM, showing how the method
adapts task weights based on their contribution to global model performance. As training progresses,
the task weights shift, with lighter blue shades representing earlier training rounds and darker shades
indicating later stages. The red line reflects the initial task weight distribution, which is influenced by
the dataset size ratio (data size to total data size). The gradual adjustments highlight that FedRAM has
the ability to iteratively prioritize tasks based on their relevance and performance, allowing the model
to better handle task heterogeneity. This dynamic weight adjustment process, driven by the proxy
and agent models, ensures that tasks with smaller datasets or less initial contribution are given higher
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weights in later stages, improving the overall performance. The task-wise reweighting mechanism is
a key strength of FedRAM.
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Figure 6: Evolution of Client Weights Over Training Iterations in FedRAM. The subfigures corre-
spond to ηclient = −1,−0.5,−0.1, 0.1, 0.5, 1, respectively. The parameter ηclient results in varying
convergence behaviours while preserving the relative weight relationships among clients. Darker
points indicate higher weight values, and blue points represent lower values.
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Figure 7: Evolution of Task Weights Over Training Iterations in FedRAM. The radar charts illustrate
the dynamic adjustment of task weights under different ηtask settings. The red line represents the
initial distribution of task weights (data size / total data size). The lines in blue tones present the
evolution of task weights as training progresses from early (lighter shades) to later (darker shades)
stages.

B.4 Model Scalability

Effect of Agent-to-Proxy (A/P) Ratio on Model Performance. Figure 8(a) presents the impact of
the Agent-to-Proxy (A/P) ratio, a concept introduced in this study to evaluate the feasibility of using
a smaller proxy model to optimize a larger agent model. The A/P ratio is defined as:

A/P Ratio =
Number of Agent Parameters
Number of Proxy Parameters

(15)

A lower A/P ratio suggests a relatively larger proxy model, which may improve stability but increase
computational overhead. Conversely, higher A/P ratios imply a larger agent model trained with fewer
proxy parameters, allowing more efficient adaptation while maintaining competitive performance.
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(a) (b)

Figure 8: Impact of Hyperparameters on FedRAM Performance. (a) Effect of the agent-to-proxy
(A/P) ratio, which controls the relative size of the agent and proxy models, on performance. (b)
Effect of the exponential scaling factor, which influences weight adjustments during aggregation, on
performance stability.

Table 1 in the main text and Table 6 provide empirical results for different A/P ratios. Table 1
corresponds to an A/P ratio of 15, while Table 6 corresponds to an A/P ratio of 25. Comparing these
two settings, we observe that a higher A/P ratio leads to an improvement in global performance
(82.16 vs. 79.74) and local adaptation (83.22 vs. 79.62), suggesting that FedRAM benefits from a
well-tuned proxy-to-agent parameter balance. However, a larger A/P ratio can also lead to slightly
reduced stability in out-of-domain generalization, as seen in the marginal drop in OOD performance
(82.89 vs. 82.67).

These results demonstrate that using a smaller proxy model to guide the reweighting of a larger agent
model is entirely feasible. While increasing the A/P ratio improves performance, the effectiveness
of FedRAM remains strong even when the proxy model is significantly smaller, highlighting the
efficiency of our proposed approach in leveraging lightweight models for scalable optimization.

Computational Cost Analysis. As shown in Table 5, the reference model, proxy model, and agent
model exhibit significantly differentiated computational resources consumption. The agent model
θagent persistently dominates system resources, consuming 85.08%− 88.02% of total computation
time across client scales (N =10 to 50). Notably, the stability of component-wise proportions under-
scores FedRAM’s scale-invariant resource allocation design. These findings quantitatively validate
FedRAM’s architectural robustness for federated learning systems requiring adaptive resource-aware
coordination.

Table 5: Computational cost of FedRAM components.

Algorithm Model
N = 10 N = 20 N = 50

Time (s) Proportion (%) Time (s) Proportion (%) Time (s) Proportion (%)

FedRAM

θ∗ref 120 1.00 720 1.45 1093 1.10
θ∗proxy 1680 13.92 5231 10.49 10750 10.88
θ+agent 10260 85.08 43903 88.06 87000 88.02∑

θ 12060 100.00 49854 100.00 98843 100.00

Performance of Larger Agent Models. We validate that the proposed FedRAM method signifi-
cantly outperforms existing FL-MTL approaches in various evaluation metrics. Table 6 presents a
comparative analysis of FedRAM against several SOTA FL methods across diverse NLP tasks. We
highlight the following key observations:

(i) Superior Global Average and Task-wise Performance: FedRAM achieves a global F1-score of
82.16, outperforming all baseline methods. In particular, FedRAM attains the highest F1-score in
two critical tasks, Story Cloze (90.77) and wsc (78.91), demonstrating its efficacy in handling various
NLP challenges. Compared to FedMTL, which excels in specific tasks but struggles with broader
generalization, FedRAM achieves a more balanced and robust performance across tasks.
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Table 6: F1-Score Comparison of FL Methods Performed on Larger Models. This table shows the
F1-scores for different FL methods across multiple NLP tasks, including global F1-scores and local
F1-scores within the bottom decile, alongside ID and OOD evaluations. Scores in Bold indicate the
best performance, while scores underlined denote the second best.

Methods
Tasks Global Local F1-Score / ID / OOD

PAWS WSC
Wino

QASC QuaRTz
Story

WikiQA F1-Score Bottom Decile Evaluation
Grande Cloze

FedAvg [1] 88.53 70.90 79.88 32.50 80.14 80.87 79.79 80.75 81.33 / 79.58 81.18 / 81.51
FedProx [10] 77.27 74.90 78.70 38.26 80.37 78.65 65.73 74.79 78.55 / 74.89 78.06 / 78.97

Ditto [11] 86.06 72.38 77.28 31.60 80.75 80.24 79.79 79.68 80.70 / 79.08 80.02 / 81.59
FedRep [27] 88.79 72.11 80.71 32.78 79.12 82.79 63.87 80.72 81.25 / 79.06 81.59 / 78.91

DBE [8] 88.52 70.47 79.01 31.88 80.09 81.58 79.79 80.66 81.12 / 77.76 81.14 / 82.06
FedMTL [28] 90.26 73.67 79.21 33.06 69.72 88.85 79.79 78.00 82.33 / 77.55 81.92 / 82.67
FedBone [15] 75.26 74.78 73.93 30.83 76.98 73.90 79.78 76.61 78.23 / 75.60 76.24 / 82.51

FedRAM (Ours) 90.00 78.91 78.36 33.03 80.70 90.77 79.79 82.16 83.22 / 80.63 83.35 / 82.89

(ii) Enhanced Performance in Low-performing Clients: In local F1-score evaluation within the bottom
decile, FedRAM reaches 83.22, surpassing the second-best method (FedMTL, 82.33) by 0.89. This
highlights FedRAM’s ability to mitigate performance degradation in lower-performing clients. The
reweighting mechanism introduced in FedRAM effectively balances task importance, ensuring robust
personalization across heterogeneous data distributions.

(iii) Effective Handling of Statistical Heterogeneity: Compared to FedAvg and FedProx, which do
not incorporate explicit mechanisms to address inter-task conflicts, FedRAM improves performance
across multiple tasks by dynamically adjusting task sample rates and client aggregation weights. For
instance, on the WSC task, FedRAM achieves 78.91, surpassing the second-best score (FedProx,
74.90) by a significant margin, demonstrating its capability to address heterogeneity.

(iv) In-Domain Personalization and Out-of-Domain Generalization: FedRAM demonstrates superior
performance in both in-domain personalization and out-of-domain generalization, outperforming
baseline methods across various NLP tasks. For ID evaluations, FedRAM achieves the highest score
(83.35), showing its ability to personalize well within the federated learning setting. Meanwhile,
for OOD generalization, it also achieves the highest score (82.89), demonstrating its ability to
adapt to unseen data distributions better than other methods. Specifically, while FedMTL exhibits
competitive OOD performance (81.92), its overall global F1-score (78.00) is lower, indicating a trade-
off between generalization and global performance. Similarly, FedAvg, which assumes homogeneous
data distributions, underperforms in ID and OOD settings, reinforcing the importance of adaptive
reweighting strategies.

(v) Performance Improvement with Larger Models: Comparing Tables 1 and 6, we observe that
using a larger model improves overall performance across all methods. Notably, FedRAM’s global
F1-score increases from 75.94 to 82.16, and its local F1-score (bottom decile) improves from 79.62
to 83.22. Additionally, its ID / OOD evaluation scores rise from 72.89 / 76.32 to 83.35 / 82.89. These
enhancements suggest that FedRAM benefits significantly from increased model capacity, further
reinforcing its effectiveness in handling complex multi-task federated learning scenarios.

Overall, FedRAM establishes itself as a robust and efficient FL-MTL framework by effectively
mitigating inter-task conflicts and optimizing both personalization and generalization. Compared to
existing personalization strategies, including DBE and FedBone, FedRAM achieves at least a 3%
improvement across multiple metrics, validating the effectiveness of its novel reweighting mechanism.
This makes FedRAM a well-rounded approach for federated learning scenarios with heterogeneous
and multi-task data.

B.5 Client Scalability

As the number of participating clients increases, global performance (blue) shows a slight downward
trend, likely due to increased data heterogeneity. However, local average performance (orange) and
ID performance (yellow) remain relatively stable, indicating that FedRAM effectively adapts to the
additional heterogeneity introduced by more clients. Particularly, OOD performance (green) remains
consistently high, demonstrating strong generalization capabilities. The local min-max range (green
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(a) (b) (c)

Figure 9: Impact of Heterogeneity on FedRAM Performance. (a) Performance trends across varying
task diversity ratios. (b) Accuracy results across different numbers of tasks. (c) Model performance
with an increasing number of FL clients.

diamonds) widens slightly, suggesting some variability in individual client performance, but overall
stability is maintained.

Table 7: Comparison of FL Methods with client K = 20 and 50. This table shows the F1-scores
for different FL methods across multiple NLP tasks, including global F1-scores and local F1-scores,
alongside ID and OOD evaluations. Scores in Bold indicate the best performance.

Clients Methods
Tasks Global / Local ID / OOD

PAWS WSC
Wino

QASC QuaRTz
Story

WikiQA F1-Score Evaluation
Grande Cloze

K = 20

FedAvg [1] 75.09 72.69 61.35 34.16 79.10 72.20 71.13 67.98 / 68.67 70.07 / 67.31
Ditto [11] 75.09 73.63 61.05 30.88 78.79 80.84 71.13 70.25 / 72.98 75.85 / 72.65

FedMTL [28] 74.48 72.16 72.05 32.10 73.89 83.14 71.13 69.10 / 70.35 75.78 / 73.33
FedBone [15] 69.54 66.90 70.11 33.05 58.88 76.22 71.13 66.91 / 66.85 69.43 / 68.55

FedRAM (Ours) 75.69 73.63 74.11 36.93 79.54 78.22 71.13 70.86 / 73.33 76.31 / 74.54

K = 50

FedAvg [1] 72.75 69.83 65.44 33.46 69.52 71.50 69.79 64.79 / 66.33 67.10 / 65.53
Ditto [11] 72.75 69.83 65.44 33.46 69.52 71.50 69.79 65.91 / 67.83 68.50 / 67.24

FedMTL [28] 68.11 73.67 63.08 32.11 67.56 70.90 69.79 63.28 / 65.37 63.86 / 62.13
FedBone [15] 69.78 70.41 68.18 34.33 63.51 73.78 69.79 64.53 / 66.29 65.08 / 65.77

FedRAM (Ours) 73.88 74.27 68.76 35.78 73.90 75.53 69.79 67.52 / 68.85 70.89 / 68.90

B.6 Task Scalability

Building on the observations from Figure 5, Figure 9 presents the impact of task and data heterogeneity
on the performance of FedRAM.

(a) Task Diversity Ratio. As the task diversity increases, global performance (blue) and local
average performance (orange) both improve significantly, indicating that FedRAM benefits from
more diverse task distributions. However, the ID performance (yellow) and OOD performance (green)
maintain a relatively stable trend, suggesting that task diversity does not compromise the model’s
generalisation ability. The local min-max range (green diamonds) shows relatively low variance,
indicating consistent performance across different clients.

(b) Number of Tasks. As the number of tasks increases, global performance (blue) and local average
performance (orange) gradually improve, but the improvement becomes marginal beyond five tasks.
ID performance (yellow) follows a similar increasing trend, while OOD performance (green) remains
consistently high. The local min-max range shows a steady spread, implying that FedRAM maintains
robust client-wise performance even with more tasks.

(c) Extreme Heterogeneity. In Table 8, we present the results in Setting 2 and assign one client
with one distinct task. The improvements in F1-scores derive from the cut down in client number
K = T = 7 in this setting. The results validate FedRAM’s adaptive ability to extreme heterogeneous
conditions.

(d) Computer Vision Tasks. We present a computer vision (CV) task compatibility study with
FedRAM in Table 9. We base our experiments on seven distinct CV datasets: MNIST, EuroSat,
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Table 8: F1-Score Comparison of FL Methods Performed on Larger Models. This table shows the
F1-scores for different FL methods across multiple NLP tasks, including global F1-scores and local
F1-scores within the bottom decile, alongside ID and OOD evaluations. Scores in Bold indicate the
best performance, while scores underlined denote the second best.

Methods
Tasks Global / Local ID / OOD

PAWS WSC
Wino

QASC QuaRTz
Story

WikiQA F1-Score Evaluation
Grande Cloze

FedAvg [1] 88.45 90.32 84.33 76.11 79.53 84.30 90.29 82.67 / 87.96 90.29 / 84.78
Ditto [11] 89.51 88.86 90.05 76.13 83.42 83.44 89.70 83.85 / 88.67 90.45 / 87.03

FedMTL [28] 90.48 82.37 80.07 82.68 89.54 83.14 81.88 83.88 / 88.48 90.53 / 86.51
FedBone [15] 89.25 83.47 84.79 75.90 88.74 88.64 85.50 84.06 / 89.53 91.02 / 86.95

FedRAM (Ours) 90.36 90.32 87.94 78.48 90.40 90.50 90.42 84.29 / 90.29 91.53 / 87.26

Fashion-MNIST, SVHN, DTD, Stanford-Cars, and CIFAR-10. We set reference models and proxy
models as Swin Transformer, while the agent models are the CLIP-ViT. Other settings followed the
condition in Appendix B.1.

Table 9: Comparison of FL Methods Performed on Vision Tasks. Scores in Bold indicate the best
performance.

Methods
Tasks Global / Local ID / OOD

MNIST EuroSat
Fashion

SVHN DTD
Stanford

CIFAR-10 F1-Score Evaluation
-MNIST -Cars

FedAvg [1] 97.22 38.13 81.88 66.14 20.08 80.62 77.47 78.09 / 76.36 68.11 / 62.57
FedProx [11] 47.35 8.33 27.30 58.61 9.89 57.92 54.20 50.73 / 44.67 36.67 / 28.41

DBE [28] 97.22 24.10 76.67 65.87 20.21 80.79 76.48 76.93 / 75.66 64.71 / 58.33
OBF [30] 96.07 4.03 87.79 78.79 33.14 74.77 79.35 78.84 / 65.18 53.34 / 47.96

FedGF [29] 72.73 5.19 75.03 30.08 27.40 71.72 75.79 75.08 / 62.88 52.54 / 44.04

FedRAM (Ours) 97.22 50.55 87.70 78.49 43.28 80.28 80.91 82.05 / 79.23 70.94 / 65.26
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction in this paper accurately reflect the paper’s
contributions and scope.
Guidelines:
• The answer NA means that the abstract and introduction do not include the claims

made in the paper.
• The abstract and/or introduction should clearly state the claims made, including the

contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitations of the work in Appendix B.
Guidelines:
• The answer NA means that the paper has no limitation while the answer No means that

the paper has limitations, but those are not discussed in the paper.
• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
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Justification: In this paper, all proofs of theorems are provided and all assumptions are
clearly stated or referenced in the statement of any theorems.
Guidelines:
• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: All the results in this paper can be reproduced.
Guidelines:
• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
• If the contribution is a dataset and/or model, the authors should describe the steps taken

to make their results reproducible or verifiable.
• Depending on the contribution, reproducibility can be accomplished in various ways.

For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results.
Guidelines:
• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.
• The authors should provide instructions on data access and preparation, including how

to access the raw data, preprocessed data, intermediate data, and generated data, etc.
• The authors should provide scripts to reproduce all experimental results for the new

proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
• Providing as much information as possible in supplemental material (appended to the

paper) is recommended, but including URLs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: The paper specifies all the training and test details necessary in Section 5.1
and Appendix B.1, to understand the results.
Guidelines:
• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: We report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments in this paper.
Guidelines:
• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

24

https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy


• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: For each experiment, the paper provides sufficient information on the computer
resources needed to reproduce the experiments in Section 5.1.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Yes, the paper discusses potential positive societal impacts, such as improving
model training efficiency and enhancing convergence performance in Section 5.2.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
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• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The research described in our paper does not involve data or models that have
a high risk for misuse, and thus does not require specific safeguards

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The creators or original owners of assets used in the paper are properly credited
and the license and terms of use are explicitly mentioned and properly respected.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
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• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: The paper does not introduce new assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve crowdsourcing or research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The paper does not describe the usage of LLMs as an important, original, or
non-standard component of the core methods in this research.
Guidelines:
• The answer NA means that the core method development in this research does not

involve LLMs as any important, original, or non-standard components.
• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)

for what should or should not be described.
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