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01 Motivation

The problem
Many-task federated learning (FL) must share knowledge
without forcing dissimilar tasks into one update. Separate
per-task models increase storage and communication,
while clients may hold several tasks simultaneously.

Contributions

Compact representation: combine task vectors with
lightweight masks and scalar rescalers.

Related-task transfer: aggregate within tasks and across
tasks with aligned update signs.

Stateless server: avoid retaining client-specific model
weights between rounds.

Beyond one task per client
Clients can hold multiple overlapping tasks, each with its own
data. This task heterogeneity creates interference within
clients as well as across clients.

A shared reference point
Task vectors measure changes from the same pretrained
weights. Conflicting update signs indicate potential
interference; agreement provides a data-free signal of task
compatibility.

Scope
Eight-task comparisons use unequal round budgets; repeated-run
uncertainty is unreported. Evidence is limited to vision classification
with vision transformer (ViT)-B/32 and low-rank adaptation (LoRA).

Notation
megabits (Mbit)

02 MaTU

One vector per client, distinct updates per task

Technical core

τ: unified task vector; σ: sign of the summed task vectors; μ: largest magnitude agreeing with that sign,
entry by entry.

Mask mt keeps task-aligned entries; scalar λt rescales them. Add the recovered task vector to
pretrained weights θp.

Paper Code

03 Evaluation

79.47%
average task accuracy
8 tasks; multiple tasks per client.

8.04 Mbit/task
communication per round
MaT-FL: 20.43 Mbit/task/round.

Multiple tasks per client: accuracy and communication

Method Avg. accuracy (%) Mbit/task/round

Individual centralized 90.21 —

FedAvg 51.63 20.43

FedPer 48.37 17.16

MaT-FL 67.60 20.43

MaTU (Ours) 79.47 8.04

8 tasks; ViT-B/32, LoRA rank 16. 30 clients, 1 local epoch, task concentration ζt=0.5, 20%
participation. 100 rounds; MaT-FL: 300. No uncertainty reported.

Scaling to the 30-task benchmark

Method Normalized accuracy (%)

MaT-FL 52.62

MaTU (Ours) 77.40

30 tasks; accuracy normalized to individual task fine-tuning. ViT-B/32, 30 clients, 300
rounds, 1 local epoch, task concentration ζt=0.2, full participation.

Takeaway
MaTU reaches 79.47% at 8.04 Mbit/task/round across eight tasks.
Its 30-task normalized accuracy is 77.40% versus MaT-FL’s 52.62%,
below individual task fine-tuning.

Figure 1: MaTU’s training process: Clients update their task vectors, and transmit their “unified” task vector and task modulators to server,
which constructs task masks, estimates task similarity via sign conflicts, and construct clients’ task vectors using the top-κ similar tasks.

By only adjusting λk, the performance across K tasks
can be improved. Building on the observations from [Ortiz-
Jimenez et al., 2023], TIES [Yadav et al., 2023a] demon-
strated that resolving sign conflicts before model merging en-
hances weight disentanglement (i.e., separating the influence
of different task vectors), leading to improved task perfor-
mance. Furthermore, re-scaling task vectors often yields bet-
ter results than using unmodified vectors [Yang et al., 2024;
Yu et al., 2024].

Unified Task Vector. Given a number of task vectors derived
from a set of tasks, t ∈ T , the “task unification” [Huang et
al., 2024] process begins by computing the aggregated sign
vector across all task vectors, σ = sgn

(∑|T |
i=1 τ

i
)

. Next, the
“unified” task vector is as follows:

τ = σ ⊙ µ , (2)

where µ refers to the magnitude vector constructed by
extracting the maximum absolute value from the task vectors
whose signs align with σ. This electing procedure has shown
to reserve the maximum amplitude and sign information
shared by the task vectors, thereby maximally reducing
interference [Huang et al., 2024].

Weight disentanglement. Weight disentanglement — the
model’s ability to isolate the influence of different tasks
on its weights — serves as a necessary condition for task
arithmetic operations, and is an emerging property of pre-
training [Ortiz-Jimenez et al., 2023]. Since the sign of
each weight indicates the direction that minimizes loss for
a given task [Ortiz-Jimenez et al., 2023; Yadav et al., 2023a;
Muhamed et al., 2024], resolving sign conflicts among task
vectors can promote weight disentanglement, leading to im-
proved individual task performance [Yadav et al., 2023a].
Therefore, in the context of the same pre-trained model, a

high count of sign conflicts between two task vectors implies
opposing influences on model weights, suggesting potential
interference in their joint training.

3.2 MaTU :Efficient MaT-FL with Task Arithmetic.
Overview. Here, we present the general MaTU training
pipeline (see Fig. 1). Clients initialize the same model f ,
parameterized by the pre-trained weights θp, and train on
their local datasets Dt

n to generate individual task vectors τ tn,
which are combined into a unified task vector τn. To account
for the changes from τ tn to τn, clients create lightweight
modulators — binary masks mi

n and scaling values λi
n —

which are transmitted along with τn. Upon receiving client
updates, for each task, the server computes an average task
mask, m̂t, to capture key areas in the task vectors, then
performs task-specific aggregation to combine updates from
clients sharing the task, followed by cross-task aggregation
to enable knowledge transfer between related tasks. By
averaging these two, the server creates the updated task
vectors to compute unified task vectors and modulators
for each client based on their assigned tasks, which then
transmits to client. Next, clients use these modulators to
adjust the unified task vector and derive the updated task
vectors, marking the next federated round.

Notation. We use the following notation in the rest of the
paper. Let N refer to a set of clients, each assigned a set of k
tasks Tn (kn = |Tn|), which may overlap across clients (i.e.,
the unique set of tasks is given by T =

⋃|N |
n=1 Tn). Each task

t ∈ Tn is associated with a locally stored dataset Dt
n, con-

taining |Dt
n| samples. A ∈ {0, 1}N×T denotes a binary ma-

trix representing task-to-client allocations, where A(n, t)=1
if client n holds task t, and 0 otherwise. The neural network is
denoted by f and parameterized by weights θ, where θp rep-
resents its pre-trained weights, and θ∗t denotes its optimized
weights after local training on task t. For each task t, its task

τ= σ⊙ μ

̇τt= λtmt⊙ τ, θt= θp+ ̇τt
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