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Abstract
There has been growing concern regarding data privacy dur-
ing the development and deployment of Multimodal Founda-
tion Models for Artificial General Intelligence (AGI), while
Federated Learning (FL) allows multiple clients to collab-
oratively train models in a privacy-preserving manner. This
paper formulates and studies Modality-task Agnostic Fed-
erated Learning (AFL) to pave the way toward privacy-
preserving AGI. A unique property of AFL is the asymmet-
rical knowledge relationships among clients due to modality
gaps, task gaps, and domain shifts between clients. This raises
a challenge in learning an optimal inter-client information-
sharing scheme that maximizes positive transfer and mini-
mizes negative transfer for AFL. However, prior FL meth-
ods, mostly focusing on symmetrical knowledge transfer,
tend to exhibit insufficient positive transfer and fail to fully
avoid negative transfer during inter-client collaboration. To
address this issue, we propose DisentAFL, which leverages
a two-stage Knowledge Disentanglement and Gating mecha-
nism to explicitly decompose the original asymmetrical inter-
client information-sharing scheme into several independent
symmetrical inter-client information-sharing schemes, each
of which corresponds to certain semantic knowledge type
learned from the local tasks. Experimental results demon-
strate the superiority of our method on AFL than baselines.

Introduction
Artificial General Intelligence (AGI) aims to build founda-
tion models that emulate human-like intelligence on a va-
riety of cognitive tasks, across diverse modality types and
domains (Bubeck et al. 2023). Yet recently, there has been a
growing concern regarding data privacy of AGI models, in
both pre-training and fine-tuning phases (Xu et al. 2023a).
For example, the massive multimodal data for pre-training
and the user-specific data for downstream task fine tuning
might include sensitive or personal information, thus cen-
tralizing these data is not possible. Meanwhile, Federated
Learning (FL) (Zhang et al. 2021) techniques allow mul-
tiple clients to collaboratively train models in a privacy-
preserving manner. In this paper, we attempt to leverage FL
to achieve better data privacy for AGI.

However, simply applying existing FL techniques in train-
ing or fine-tuning a large foundation model is impractical.

Copyright © 2024, Association for the Advancement of Artificial
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Figure 1: Modality-task Agnostic Federated Learning (AFL)
for Privacy-preserving AGI. Clients learn personal models
for their specific modalities and tasks using local data.

Due to computing resource limitations, clients cannot afford
to train or fine-tune with the entire multimodal foundation
model with billions of parameters. In addition, in the real
world, each client focuses only on its specific modality types
and tasks, making numerous parameters redundant for indi-
vidual users. Given these facts, we explore Modality-task
Agnostic Federated Learning (AFL), where each client in-
dependently trains a personalized model on its own modal-
ities and tasks, while periodically collaborating with each
other to aggregate knowledge onto a central server housing
the large foundation model, as illustrated in Figure 1.

AFL is still an under-explored research direction in FL
community. Because of the inconsistency of input modal-
ity types and downstream task types between clients, client
heterogeneity in AFL is complex–there are simultaneous
Modality gaps, Task gaps, Domain shifts, and Concept drifts
(MTDC) among clients. Such an MTDC client heterogene-
ity imposes a unique property of AFL–the Asymmetrical
Knowledge Relationships (AKR) among clients, meaning
that the mutual knowledge between each pair of clients are
greatly diversified. This raises a crucial challenge in learn-
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ing an optimal inter-client information sharing scheme (i.e.
maximizing positive transfer and minimizing negative trans-
fer) for AFL–it would be difficult to efficiently and automati-
cally identify correct transferable knowledge for each pair of
clients through client-server interactions. Existing FL works
(Jeong and Hwang 2022; Chen and Zhang 2022a) mainly ad-
dress the symmetrical knowledge transfer between clients,
which struggle to perform sufficient positive transfer and
cannot fully avoid negative transfer during the inter-client
collaboration under an AKR situation.

To overcome the abovementioned challenge in AFL and
achieve an optimal inter-client information sharing scheme
that maximizes positive transfer and minimizes negative
transfer, we propose a novel knowledge disentanglement-
based federated learning framework, namely DisentAFL.
The key idea of DisentAFL is to explicitly disentangle
the original asymmetrical inter-client information sharing
scheme into several independent symmetrical inter-client
information sharing schemes, each of which corresponds
to certain semantic knowledge type learned from the lo-
cal tasks. In details, DisentAFL empowers the server-client
communication to be aware of the true pairwise mutual
knowledge type(s) through a two-stage Knowledge Disen-
tanglement and Gating mechanism. The stage one lever-
ages coarse-grained group-wise disentanglement to reduce
the original asymmetrical problem into several intermediate
asymmetrical subproblems, and the stage two leverages fine-
grained knowledge-type disentanglement that further de-
composes each of the asymmetrical subproblems into sev-
eral independent symmetric information sharing schemes.
Our contributions are summarized as follows.

• We systematically study and formulate the problem of
modality-task agnostic federated learning (AFL). To the
best of our knowledge, this is one of the early attempts
paving the way towards privacy-preserving AGI for mul-
timodal tasks. Also, AFL has the potential to extend mul-
timodal intelligence capabilities beyond traditional FL

• We propose DisentAFL to address the complex asym-
metrical inter-client knowledge relationships of AFL.
Technically, DisentAFL is one of first FL methods that
explicitly leverage the fine-grained disentanglement of
inter-client relationships to achieve sufficient positive
knowledge while excluding negative knowledge.

• We evaluate DisentAFL on six AFL simulations, with at
most 4 modalities and 4 downstream tasks. The empirical
results demonstrate the effectiveness of our method.

Related Works
Artificial General Intelligence (AGI). AGI aims to at-
tain Foundation Models that emulate human-like intelli-
gence on a variety of cognitive tasks across diverse modali-
ties (Bubeck et al. 2023). Multimodal Large Language Mod-
els (MLLMs) pretrained on large-scale multimodal data
have emerged as a pivotal paradigm for AGI (Sanderson
2023; Wu et al. 2023; Yu et al. 2023). Pretrained MLLMs
could quickly adapt to various multimodal downstream
tasks through few-shot fine-tuning or zero-shot inference,
catering to both deterministic tasks (e.g. multimodal fusion)

(Chen and Zhang 2020, 2022b, 2021; Chen et al. 2023;
Wang et al. 2022) and generative tasks (e.g. cross-modal
video generation) (Chen and Zhang 2023; Seo et al. 2022b).
To enhance the success of AGI, many Multimodal Inter-
action Modeling techniques have been incorporated into
MLLMs and have played important roles (Wu et al. 2023; Li
et al. 2023), including model design (e.g., inter-modal inter-
action architecture), training algorithms (e.g., co-training of
different modalities), and task adaptation mechanisms (e.g.,
hypernetworks, soft prompting, and the prompt design of in-
put structures that combines multiple modalities).

Personalized Federated Learning (PFL). In PFL, mul-
tiple clients/users train their personal models while peri-
odically collaborating with each other’s learned knowledge
without directly exchanging their local data. The personal-
ization in PFL is typically achieved by fine-tuning (T Dinh,
Tran, and Nguyen 2020), meta-learning (Finn, Abbeel, and
Levine 2017; Zheng and Zhang 2022; Zheng et al. 2023),
mixture methods (Guo et al. 2021), hypernetworks (Sham-
sian et al. 2021), or multi-task learning (Smith et al. 2017).
Another line of PFL consider the personalization of neural
architectures, including approaches based on collaborative
knowledge distillation (Jiang, Shan, and Zhang 2020; Ah-
mad and Aral 2022) and personally masked supernetwork
(Shi et al. 2021; Kim et al. 2023; Dai et al. 2022). While
our work adopts the masked super-network methods, we
address an under-explored asymmetrical information shar-
ing problem using disentanglement. Another research direc-
tion, Multimodal PFL, considers the personalization of in-
put modalities, allowing different clients/users to train from
different multimodal combinations (McMahan et al. 2018;
Chen and Zhang 2022a; Xiong et al. 2022; Che et al. 2023).
While these methods assume an embedding space where
knowledge is symmetrically shared across clients, our ap-
proach considers the asymmetry of knowledge transfer.

Privacy-preserving Federated AGI. In AGI, there has
been a growing concern regarding data privacy during the
pre-training and fine-tuning phases of Multimodal Founda-
tion Models. For example, the massive multimodal corpora
for pre-training might include sensitive or personal informa-
tion, thus centralizing these data is not possible; also, com-
mercial competition tend to isolate users’ feedbacks, hinder-
ing direct collaboration and knowledge sharing for down-
stream task fine tuning. Recent works have shown that text-
only LLMs can be trained/tuned with Federated Learning
for protecting users’ privacy (Hilmkil et al. 2021; Zhang
et al. 2023; Fowl et al. 2022; Xu et al. 2023b,a; Ait-Mlouk
et al. 2023). However, there has been limited discussions on
privacy-preserving AGI focusing on multimodal scenarios.

Disentanglement for Knowledge Transfer. Disentangle-
ment, initially studied in deep generative models (Mathieu
et al. 2019; Tran, Yin, and Liu 2017), has been recently
utilized in multimodal representation decoupling (Hazarika,
Zimmermann, and Poria 2020), cross-modal and cross-
domain transfer learning (Gonzalez-Garcia, Van De Weijer,
and Bengio 2018), and multimodal knowledge distillation
(Li, Wang, and Cui 2023) to enhance knowledge transfer ef-
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fectiveness. In Federated Learning community, recent works
(Yang et al. 2023; Bercea et al. 2022; Jeong and Hwang
2022; Ye et al. 2023) show disentanglement helps to achieve
better interpretability and privacy protection, as well as per-
form better the global-local knowledge tradeoff. Different
from them, our work employs finer-grained disentanglement
to purify the positive knowledge transfer among clients.

Problem Formulation
In traditional PFL, there are N clients and each client i =
1, 2, ..., N aims to solve a local i.i.d learning problem Di :=
(X ,Yi, pi(x), qi(y|x)) with a globally-shared input space
X , a local label space Yi within a global task T , a personal
input distribution pi(x), where x ∈ X , and a ground-truth
mapping function qi : X → Yi that predicts a conditional
output distribution qi(y|x), where x ∈ X and y ∈ Yi.

Different from traditional PFL, Modality-task Agnos-
tic Federated Learning (AFL) incorporates diversified in-
put modality types (e.g. image, text, video, audio, tabular)
and diversified categories of downstream tasks (e.g. classi-
fication, fusion, translation, representation learning) into the
learning systems. AFL can be widely applied to many real-
world scenarios, such as Privacy-preserving AGI, Artificial
Internet of Things (AIoT), and Learning-at-home (Wu et al.
2020). Formally, assuming a total of M types of modali-
ties and O types of downstream tasks over the N clients.
Let X (m) denote the raw input space associated to the m-
th modality type and Y(o) the label space for the o-th task.
Typically, each client i does not learn all the modalities
and all the tasks; instead, it has its own input modality
types Ii ⊆ [M ] and target task types Oi ⊆ [O]. Each client
i = 1, 2, ..., N aims to learn a personal mapping function

q̂i(·;ωi) : XIi → YOi (1)

from a client-specific structured/joint input space XIi :=
Join(X (m)|∀m ∈ Ii) to the client-specific label spaces
of each local tasks YOi

:= {Y(o)|∀o ∈ Oi}, where ωi ∈
Rd

param
i denotes trainable weights. Then, the local problem

is formulated as Di := (XIi ,YOi , pi(x̃), qi(ỹ|x̃)) , where
x̃ ∈ XIi and qi(ỹ|x̃) : XIi → YOi is the ground-truth con-
ditional output distribution with ỹ = {y(o)}o∈Oi

∈ YOi
.

Figure 1 shows an illustration of the AFL problem setting.
The local objective of client i minimizes multiple losses

minωi fi(ωi) :=E(x̃,ỹ)∼Di

1
|Oi|

∑
o∈Oi

L(o)
(
y(o), q̂i(x̃;ωi)o

)
where L(o) is the loss function for the type-o task. Then,
following PFL (Chen and Zhang 2022a; T Dinh, Tran, and
Nguyen 2020), the global objective of AFL is formulated as

min
ω1,ω2,...,ωN

[
1

N

N∑
i=1

fi(ωi)

]
+R(ω1,ω2, ...,ωN ), (2)

where the regularizer R(·) indicates the information sharing
scheme (i.e. knowledge transfer) among clients, which is en-
couraged to transfer beneficial knowledge among clients to
boost each local model’s performance.

Client Heterogeneity in AFL. Since clients in AFL do
not necessarily have the same input modalities or down-
stream tasks, there could be simultaneous 4 heterogeneity
patterns between clients: Modality gap, Task gap, Domain
shift, and Concept drift (MTDC). (1) M (modality gap): the
clients vary in their input spaces due to their input modality
divergence, that is, XIi

̸= XIi′ when Ii ̸= Ii′ . For exam-
ple, a vehicle may use its onboard camera to capture videos
to predict traffics, while another vehicle may use both video
and RADAR signals to predict traffics. (2) T (task gap):
clients vary in their output spaces YOi ̸= YOi′ since they
target at different downstream tasks Oi ̸= Oi′ . For exam-
ple, while a client may focus on image classification, the
other client may focus on image segmentation. (3) D (do-
main shift): slightly different from traditional FL’s defini-
tion on domain shift, AFL considers the joint distribution
shift, meaning that the multimodal interaction behaviors can
vary between clients. (4) C (concept drift): clients vary in
their conditional output distribution, or label space.

Asymmetrical Knowledge Transfer in AFL
We begin with discussing the key challenges in solving the
AFL’s global objective (Eq.(2)) due to MTDC heterogeneity.

Definition 1 (Positive & Negative Knowledge Transfer).
Positive Transfer (PT) is defined as the information sharing
behavior between a pair of clients that will lead to the im-
provement of each other models. Negative Transfer (NT),
on the other hand, is a phenomenon when sharing parame-
ters between two local models results in poorer results than
solving individual tasks (or, unlearning).

Rethinking Information Sharing in Federated Learning.
The information sharing scheme R(w1:N ) in FL is essen-
tially to find an inter-client Pairwise Knowledge Transfer
(PKT) mechanism that can lead to the improvement of each
client model. For any pair of clients, there exists both mu-
tual common knowledge and conflicting knowledge between
them–if ∇ψfi(ψ)∇ψfi′(ψ) > 0, we say the knowledge rep-
resentation ψ at client i and client i′ aligns/matches with
each other; on the other hand, if ∇ψfi(ψ)∇ψfi′(ψ) < 0,
the knowledge ψ at client i and client i′ conflicts. As in
(Wu, Zhang, and Ré 2020), the transfer behavior of con-
flicting knowledge will result in Negative Transfer; and, the
un-transfer of common knowledge will result in insufficient
Positive Transfer. Both need to be avoided for better per-
formance. Therefore, the optimal R(w1:N ) relies on a PKT
mechanism that can maximize positive transfer and mini-
mize negative transfer between each pair of clients–that is,
all the true aligned knowledge is encouraged to be trans-
ferred and all the true conflicting knowledge should be ex-
cluded during transfer.

Definition 2 (Symmetrical & Asymmetrical Knowl-
edge Relationships). Suppose Hi denotes the knowledge
learned by the client i and MI(Hi, Hi′) denotes the true mu-
tual/common knowledge between by a pair of clients (i, i′).
We say the knowledge relationships over N clients is sym-
metrical if the mutual information (common knowledge) be-
tween each pair of clients are the same MI(Hi1, Hi2) =
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Figure 2: Comparison between symmetrical and asymmetrical inter-client knowledge relationships. In (a), the three example
clients share the same modality-task pair. In (b), the three example clients have different modality-task pairs.

MI(Hi2, Hi3) = MI(Hi1, Hi3), ∀i1, i2, i3 ∈ [N ]. On the
other hand, we say the knowledge relationships over N
clients is asymmetrical if MI(Hi1, Hi2) ̸= MI(Hi2, Hi3) ̸=
MI(Hi1, Hi3), ∃i1, i2, i3 ∈ [N ]. Figure 2 shows an compar-
ison between the two scenarios.

Challenge of Optimizing Information Sharing in AFL.
Existing FL algorithms mainly address the symmetrical
knowledge relationships. For example, Non-IID PFL (Jeong
and Hwang 2022; Guo et al. 2021) with a universal do-
main shift and concept shift can be a symmetrical case
(Figure 2(a)) since there exists global common knowledge
MIg = MI(Hi, Hi′) shared by all pairs of clients i, i′ ∈ [N ]
and all the other learned knowledge is considered as per-
sonalized knowledge. However, due to the complexity of
MTDC heterogeneity, AFL has more complex asymmetri-
cal knowledge relationships among clients, as illustrated in
Figure 2(b). Using the 4 clients in Figure 4 as an example,
the common knowledge between client 1 and client 3 in-
cludes the modality-1’s encoding function, which is however
not shareable between client 1 and client 2 since the modal-
ity 1 is not learned at client 2. Unfortunately, the asymmetri-
cal knowledge relationships in AFL brings difficulties in op-
timizing the information sharing scheme R–it is hard to ef-
ficiently and adaptively identify transferable knowledge for
each pair of clients through client-server interactions. Exist-
ing FL methods may result in negative transfer or insuffi-
cient positive transfer under the asymmetry of AFL.

Given such complex and unknown user-to-user knowledge
sharing in AFL, it is desirable to explicitly maximize posi-
tive transfer and minimize negative transfer for the optimiza-
tion of R. Ideally, for any pair of clients (i, i′), an optimal
PKT mechanism should perform the transfer to approximate
the true mutual knowledge MI(Hi, Hi′).

Proposed DisentAFL
In order to achieve an efficient and optimal PKT mecha-
nism that maximizes positive transfer and minimizes nega-
tive transfer with the asymmetrical knowledge relationships
of AFL, we propose DisentAFL, whose overview is shown
in Figure 3. The key idea is to disentangle the asymmetri-

cal information sharing scheme on the original knowledge
space into K independent symmetrical information sharing
schemes on each of the disentangled knowledge subspaces

R(w1,w2, ...,wN ) =

K∑
k=1

Rk({w(k)
i |∀i ∈ Ck}) (3)

such that each Rk(·) is a symmetric information sharing
scheme among a subset of clients Ck ⊆ [N ], where w

(k)
i

is the disentangled knowledge type k extracted from wi.
Specifically, to find an optimal inter-client communica-

tion solution for Eq.(3), we propose a Knowledge Dis-
entanglement and Gating (KDG) mechanism, which con-
sists of two stages: coarse-grained group-wise disentan-
glement and fine-grained knowledge-type disentanglement.
The two-stage KDG mechanism is shown in Figure 4.

Stage One: Coarse-grained Disentanglement
Group-wise disentanglement reduces the original asymmet-
rical problem with complex MTDC heterogeneity into sev-
eral intermediate asymmetrical subproblems with less com-
plex client diversity. First, we separate the encoding and
decoding related knowledge such that the clients sharing
the same modality or downstream task could share the cor-
responding encoder or decoder parameters/representations.
For example, a client aiming at image classification task us-
ing the ViT (Liu et al. 2023) encoder and a MLP classifi-
cation head, might share the image encoder with an image-
text classification client that uses a Multimodal Transformer
backbone (Xu, Zhu, and Clifton 2022). We rewrite the local
parameters of i-th client as wi = {ϕ(m)

i }m∈Ii∪{θ
(o)
i }o∈Oi ,

where ϕ
(m)
i denotes the modality m’s encoder and θ

(o)
i de-

notes the decoder for the type-o downstream task. We define
two types of knowledge groups: (1) encoding-knowledge
groups G(m)

enc = {ϕ(m)
i |∀i ∈ [N ] if m ∈ Ii}, where each

group is a collection of encoders from those clients hav-
ing the modality m within their inputs; and (2) decoding-
knowledge groups G(o)

dec = {θ(o)
i |∀i ∈ [N ] if o ∈ Oi}, where

each group is a collection of decoders from those clients hav-
ing the target downstream task type o. Then, we can rewrite
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Figure 3: Overview of the proposed DisentAFL.

the asymmetrical information sharing scheme R(w1:N ) as

R(w1:N ) =

M∑
m=1

RIE(G(m)
enc ) +

O∑
o=1

RID(G(o)
dec )

+

M∑
m,m′=1

RXE(G(m)
enc ,G(m′)

enc ) +

O∑
o,o′=1

RXD(G(o)
dec ,G

(o′)
dec ).

(4)

The R(w1:N ) with MTDC client heterogeneity is split
into four sub-problems: (1) RIE(·) indicates the informa-
tion sharing scheme within each modality-specific group
G(m)

enc , which is an asymmetrical but single-modal task-
agnostic problem with TD heterogeneity (no modality shift
and concept shift). (2) RID(·) indicates that within each task-
specific group G(o)

dec , which is an asymmetrical but modality-
agnostic single-task problem with MC heterogeneity (no
task shift and domain shift). (3) RXE(·, ·) indicates the po-
tential encoding-information sharing between clients having
different modalities, which is an asymmetrical but cross-
modal task-agnostic problem with MT heterogeneity (no
domain shift and concept shift). (4) RXD(·, ·) indicates the
decoding-information sharing scheme between the clients
that have diversified downstream tasks, which is an asym-
metrical but cross-task modality-agnostic problem with MT
heterogeneity (no domain shift and concept shift).

Stage Two: Fine-grained Disentanglement
We further disentangle each of the above four asymmetrical
sub-problems into several independent symmetric problems.

To achieve this, we first need to find the largest knowledge
components that can sufficiently describe the global asym-
metric PKT problem as the combination of several symmet-
ric PKT problems. Specifically, we assume a total of K =

M(D+1)+O(N+1)+(M+1)(O+1) fine-grained knowledge
types globally existing over the N clients: (1) M(D + 1)
knowledge types related to domain shift of each modal-
ity; each domain d ∈ [D] consists of a domain-specific
and a domain-agnostic knowledge. (2) At most O(N + 1)
knowledge types related to concept drift regarding individ-
ual fine-tuning on the decoder. (3) (M + 1)(O + 1) knowl-
edge types related to modality and task gaps, including the
task-specific and task-shared knowledge per modality; the
modality-specific and modality-shared knowledge per task
type; and the knowledge shared by all tasks and all modali-
ties, such as the commonsense cognition.

Supernetwork on Server. The central server hosts a mul-
timodal multitask large model, which serves as a super-
network wsup that can accommodate the K global fine-
grained knowledge types mentioned above. The neural ar-
chitecture of wsup can be any popular foundation mod-
els. In our experiments, we use a Multi-input Multi-head
Transformer, consisting of M input channels and O out-
put channels, respectively, for all the seen modalities and
task types over clients. Within the network, we design sev-
eral Mixture of Domain Experts (MoDE) layers to cap-
ture D domain-specific knowledge types and one addi-
tional domain-agnostic type. Each of the D parallel ex-
pert models in MoDE stands for the knowledge type for
a specific domain d. MoDE layers act as residual con-
nections attached to an original model block and are lo-
cated around the query and value layers. In addition, to
bridge the knowledge gap between modalities and tasks
in each subproblem, we employ Mixture of Task Experts
(MoTE) and Mixture of Modality Experts (MoME) to cap-
ture (M +1)(O+1) modality-task interactive knowledge
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Figure 4: The two-stage Knowledge Disentanglement and Gating mechanism in DisentAFL. (a) The intermediate asymmetrical
information sharing schemes after coarse-grained disentanglement; (b) The final symmetrical information sharing schemes after
fine-grained disentanglement.

types. Each modality m’s encoded representation is split as
h′(m) = [hshare||h(m)], where || denotes concatenation oper-
ation, h(m) represents the modality-private and hshare ∈ Rd
the modality-shared knowledge. Likewise, the pre-decoding
representation of each task o consists of task-specific and
task-shared information, t′(o) = [tshare||t(o)]. The modality-
task interactive representation between a pair of MoTE and
MoME is a tensor cube Z ∈ R(M+1)×(O+1)×F featuring
the (M + 1)(O + 1) knowledge types. The detailed archi-
tecture of wsup is provided in Figure 5 in Appendix.

Disentanglement Losses. Disentanglement of Z is im-
portant for purifying and separating the semantics of knowl-
edge transfer. To encourage this, we introduce auxiliary
losses to the local objective. Many advanced disentangle-
ment techniques can be applied here (Lee and Pavlovic
2021). For example, the orthogonal regularization loss
Lorth
i (wi) =

∑
(m,o),(m′,o′)∈Ii×Oi

Z⊤
o,m,·Zo′,m′,· computed

from each pair of knowledge types.

Sparsely-gated Client Network. Each client i’s local net-
work wi encapsulates only Ki = 2|Ii| + 2|Oi| + (|Ii| +
1)(|Oi|+1) client-personal knowledge types, therefore sig-
nificantly smaller than wsup. The inter-client collaboration
is semantically disentangled and performed by using a rout-
ing mechanism. Two gating functions is designed to achieve
this. (1) IoGate(·) takes as input the samples or modality-
task indicators Ii,Oi, and outputs a binary gate matrix
Si ∈ {0, 1}(M+1)×(O+1), where each entry Si,m,o = 1 if
(m ∈ Ii ∧ o ∈ Oi) ∨ (m ∈ Ii ∧ o = O + 1) ∨ (m =
M + 1 ∧ o ∈ Oi) ∨ (m = M + 1 ∧ o = O + 1); oth-
erwise, Si,m,o = 0. The Si,M+1,O+1 always equals to one
because the commonsense knowledge is shareable between
all clients, bridging the gap between any pair of clients with
Ii ∩ Ii′ = ∅ ∧ Oi′ ∩ Oi′ = ∅. (2) DomGate(·) pro-

duces a D-dimensional one-hot vector gi ∈ {0, 1}D, where
D <= N denotes the pre-defined number of domains over
clients. The binary outputs of the two gates Si, gi are used
to route each client’s network through the super-network
wi = ROUTE(Si, gi;wsup). As Si, gi are very sparse, i.e.,
Ki << K, the client network wi is much thinner than wsup.
Design details are shown in Figure 6 in Appendix.

Proof of Symmetrical PKT After Disentanglement
Due to page limit, detailed proof is provided in Appendix.
We prove that the proposed two-stage disentanglement can
successfully decompose the original asymmetric client rela-
tionships R(w1:N ) intoK =M(D+1)+O(N+1)+(M+
1)(O + 1) independent symmetric client relationships.

The training workflow and the pseudo-code of DisentAFL
is provided in Algorithm 1 in the Supplementary Materials.

Experiments
AFL Simulation Setup
We select seven multimodal or multitask datasets as the
source to create six AFL simulations. The seven source
datasets are summarized in Table 3 in Appendix, including
two image classification datasets (Finn, Abbeel, and Levine
2017), a bimodal driving dataset (Duarte and Hu 2004), a bi-
modal 3D object recognition dataset (Wu et al. 2015; Feng
et al. 2019), a three-modal two-task multimedia emotion
recognition dataset and a bimodal audio-image classifica-
tion dataset (Liang et al. 2021). We then create six simu-
lations from these datasets. (1) MERGE-AC simulates a ba-
sic single-modal, single-task, and cross-domain FL scenario
with a total of 15 clients. (2) ModelNet-xM and Vehicle-
xM simulate cross-modal, single-task, and single-domain
FL scenarios with more than 20 clients. (3) MERGE-VM
simulates an 4-modal 2-downstream-task AFL scenario with
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Method MERGE-AC Vehicle-xM ModelNet-xM MERGE-VM MERGE-MM
Local 77.12 ± 0.39 83.48 ± 0.89 93.01 ± 0.30 88.23 ± 0.72 70.23 ± 0.79
FedAvg (McMahan et al. 2018) 76.78 ± 0.55 73.18 ± 0.09 92.79 ± 0.12 84.63 ± 0.02 74.12 ± 0.93
Cross-FedAvg (McMahan et al. 2018) 78.16 ± 0.23 84.43 ± 0.82 91.65 ± 0.32 88.35 ± 0.20 72.41 ± 0.72
Align-FedAvg (McMahan et al. 2018) 75.30 ± 0.85 73.32 ± 0.58 89.18 ± 0.53 89.73 ± 0.68 69.65 ± 0.73
Cross-PFL (Smith et al. 2017) 81.58 ± 0.53 86.82 ± 0.38 94.20 ± 0.25 90.11 ± 0.63 75.37 ± 0.26
FedMSplit (Chen and Zhang 2022a) 78.32 ± 0.31 85.12 ± 0.03 90.79 ± 0.73 87.37 ± 0.03 73.25 ± 0.31
DisentAFL-KD 80.47 ± 0.53 87.42 ± 0.23 96.62 ± 0.16 94.33 ± 0.32 75.17 ± 0.37
DisentAFL-Avg 82.66 ± 0.74 88.56 ± 0.22 96.44 ± 0.14 96.38 ± 0.41 75.68 ± 0.74

Table 1: Comparison of the average testing accuracy over all clients on their classification tasks.

discrepant input spaces, output spaces, and output distri-
butions (MTC) across 50 clients. (4) MERGE-MM simu-
lates a 4-modal 3-downstream-task AFL scenario with the
4 patterns of heterogeneity (MTDC) across 50 clients. (5)
MERGE-FA simulates a 2-modal 4-downstream-task AFL
scenario across 30 clients with MTDC heterogeneity. The
four downstream tasks include classifying the item on the
top-left, on the bottom-right, generating the digit image, and
generating the audio signal of the digits. Details of our AFL
simulation design are summarized in Table 4 in Appendix.

Baseline Methods
We compared DisentAFL with six baseline methods: (1)
Local: clients separately train their models without any
collaboration–neither positive transfer nor negative trans-
fer (R(·)=0). (2) FedAvg (McMahan et al. 2018): clients
are split into several disjoint groups such that each group
share the same modality-task pair. The collaboration is
within the same group of clients using FedAvg. Any infor-
mation sharing between different groups is prohibited. (3)
Cross-FedAvg, in addition to FedAvg, encourages the shar-
ing of certain modality-to-task transmitter between differ-
ent groups that have overlapping on both modalities and
tasks, as illustrated in Figure 7(a) in Appendix. There is
no modality-shared or task-shared representations in this
baseline. (4) Align-FedAvg, in addition to FedAvg, encour-
ages the sharing of certain encoders/decoders between dif-
ferent groups that have either overlapping modalities or
overlapping tasks. The after-encoding and before-decoding
representations of all modalities and task are aligned onto
the same latent space. (5) Cross-PFL is similar to Cross-
FedAvg, except that using the personalized FL method
(Smith et al. 2017) to every modality-task pair group of
clients. (6) FedMSplit (Chen and Zhang 2022a) is an Align-
PFL method assuming latent space alignment, leveraging
multimodal split networks to arbitrarily encourages the in-
formation sharing between different groups. Implementation
details can be found in supplementary materials.

Main Results
We implemented DisentAFL using PyTorch and ran each
experiment by 5 trials. The hyperparameters are listed in
Appendix. Given that knowledge can be represented as
features or parameters, we implemented two versions of
DisentAFL: DisentAFL-KD incorporated with federated
knowledge distillation (Seo et al. 2022a) for feature aggrega-
tion; DisentAFL-Avg based on gradient alignment through

Method w/ Aux w/o S1 Aux w/o S2 Aux
DisentAFL-KD 91.51 ± 0.36 88.44 ± 0.36 87.93 ± 0.93
DisentAFL-Avg 93.30 ± 0.25 85.56 ± 0.31 86.48 ± 0.41

Table 2: Ablation Study on MERGE-FA.

gradient aggregation. In Table 1, we report the results on
five simulations. Table 1 (column 2) shows the results on
the single-task, single-modal, and multi-domain simulation
(MERGE-AC), where DisentAFL had MoDE module but
the MoME and MoTE modules are removed, which demon-
strates the effectiveness of the mixture of domain experts
in our method. Table 1 (columns 3-4) shows the results
on the cross-modal, single-task, and single-domain simu-
lations (Vehicle-xM and ModelNet-xM), where DisentAFL
had MoME module but the MoDE and MoTE modules
are removed. Table 1 (columns 5-6) shows results on the
cross-modal cross-task AFL simulations (MERGE-VM and
MERGE-MM), where MoDE, MoME, and MoTE partici-
pated in the training and disentanglement losses were ap-
plied on the latent space.

Ablation Study
Table 2 compares the results on MERGE-FA with and with-
out the auxiliary losses for knowledge type disentanglement
on the latent space. Column 3 and 4 only remove the stage-
one and stage-two disentanglement loss, respectively. Their
performance drop indicate that the latent spaces of local
models in AFL contain conflicting knowledge and shows the
benefits of using disentanglement loss in DisentAFL. More
ablation results are provided in the supplementary materials.

Conclusions
This paper studied the Modality-task Agnostic Federated
Learning (AFL) problem, where different clients address
different input modality types and downstream tasks. We
discussed a unique challenge in AFL rather than traditional
FL due to the asymmetrical inter-client knowledge relation-
ships. Then, we introduced a new DisentAFL approach that
can addressed this challenge via a two-stage Knowledge
Disentanglement and Gating mechanism, whose main idea
is to decompose the asymmetrical inter-client information
sharing scheme into several independent symmetrical inter-
client information sharing schemes. Experiments demon-
strated our claims on AFL and effectiveness of our method.
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