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Abstract

Multimodal artificial intelligence (AI) has
gained prominence for its ability to deliver in-
ference accuracy and robustness unattainable by
unimodal approaches. However, deploying such
models on low-end edge devices is hampered
by stringent constraints on computation, mem-
ory, security, and power, as well as by the pro-
nounced heterogeneity of input resolutions, se-
quence lengths, and sensor densities across de-
vices. These factors render uniform model distri-
bution and global update strategies ineffective.

We introduce selective knowledge transfer,
whereby each device solely assimilates exter-
nal heterogeneous knowledge most beneficial to
its local context. CrossBack extends the orig-
inal Pick-a-back paradigm beyond its single-
modality, fixed-input assumptions: it quanti-
fies decision-pattern similarity across differing
modalities and input scales, enabling each model
to reuse the backbone of its most compatible
peer without reliance on a central server.

Experiments on CUB-200-2011, and Oxford-
102 Flowers demonstrate that models trained
on orthogonal modalities-such as images and
text-can engage in effective selective knowledge
transfer via CrossBack. This process simultane-
ously increases accuracy and reduces compu-
tational overhead, validating the suitability of
the framework for multimodal real-time collab-
oration on resource-constrained edge devices.
CrossBack thus advances edge Al beyond single-
modality assumptions, establishing a foundation
for continual, autonomous learning in decentral-
ized multimodal systems.

Keywords— Continual Learning, Knowledge Trans-
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Modality, Deep Learning
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I. INTRODUCTION

With the rapid advancement of artificial intelligence
(AI), multimodal Al—which integrates data generated
from diverse modalities, such as visual, auditory, textual,
and sensor streams—has emerged as a key focus of re-
search and applications. Synergistic interactions among
modalities can deliver inference accuracy and robustness
unattainable by unimodal approaches, making the efficient
exploitation of multimodal data a central challenge in the
current Al era.

Concurrently, demand is growing for deploying multi-
modal processing on edge devices that compute locally at
the data source, rather than relying on centralized cloud in-
frastructure. By processing data where it is generated, edge
Al reduces latency, enhances privacy, and lowers commu-
nication costs. Therefore, combining multimodal process-
ing with edge deployment is pivotal for real-world scenar-
ios ranging from autonomous vehicles and smart manufac-
turing to wearable technologies.

In practice, however, most deployed systems rely on
low-end edge devices with stringent limits on computation,
memory, and power budgets. These resource constraints
make the on-device deployment of large-scale multimodal
models challenging. In addition, the data collected on each
device may differ markedly in resolution, sequence length,
and sensor density, leading to pronounced input-size mis-
matches. This cross-device heterogeneity remains an un-
resolved challenge, particularly in federated learning set-
tings with heterogeneous, decentralized multimodal data
sources.

Human intelligence seamlessly integrates information
from multiple senses and only shares the knowledge rel-
evant to the current context. Likewise, edge Al systems
must flexibly share information despite limited resources.
In this work, we define selective knowledge transfer as a
mechanism that allows multimodal models—with various
modalities and model capacities—to exchange mutually
beneficial knowledge. In resource-constrained edge set-
tings, data on low-end devices often varies widely in such
heterogeneity. Consequently, deploying a uniform model
or pushing identical updates to every node is frequently in-
efficient—if not infeasible. Each local model should there-
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fore selectively absorb external knowledge most relevant
to its context, making selective knowledge transfer indis-
pensable.

A notable step toward decentralized continual learn-
ing is Pick-a-back [17], which enables device-to-device
knowledge reuse by allowing edge models to selectively
incorporate the backbone of a peer with similar decision
patterns. This approach removes the need for a central-
ized server and supports continual adaptation through local
knowledge assimilation. However, Pick-a-back assumes
homogeneous input modalities and uniform input sizes
across devices, limiting its scalability in real-world edge
environments characterized by multimodal and heteroge-
neous data. Our work builds upon this framework by ex-
tending it to handle input- and modality-level diversity, en-
abling cross-modal, input-scale-aware knowledge transfer
without the need for centralized coordination.

Motivated by these limitations, we pose the follow-
ing overarching question: How can models with heteroge-
neous input sizes and modalities efficiently leverage exter-
nal knowledge? Answering it is critical for moving beyond
single modality assumptions toward knowledge transfer
strategies that operate under realistic edge constraints. We
therefore decompose the problem into two research thrusts.

* Cross-size knowledge transfer: How can models
trained on inputs that differ in spatial or temporal
resolution share knowledge without sacrificing crit-
ical detail? Naive resizing often erodes fine-grained
cues, and uniform normalization is infeasible when
each edge device operates under distinct sensing con-
ditions. We thus seek mechanisms that allow models
to preserve their own inductive biases while still ab-
sorbing practical knowledge across heterogeneous in-
put sizes.

* Cross-modal utility estimation: When representation
spaces are heterogeneous—for example, vision versus
language—similarity-based selection becomes unre-
liable. How can we quantify compatibility across
modalities and use that metric to decide which exter-
nal representations are worth transferring? Establish-
ing principled measures of cross-modal alignment is
essential for effective selective knowledge transfer in
multimodal edge deployments.

To address such challenges, we propose CrossBack,
a unified framework for selective multimodal knowl-
edge transfer on edge devices. Our approach extends the
Pick-a-back paradigm to handle input-heterogeneous and
modality-diverse scenarios, without relying on centralized
servers or modality-specific supervision. Our main contri-
butions are summarized as follows:

* Unified multimodal edge knowledge transfer: We for-
mulate the challenge of device-to-device knowledge
transfer under modality and input-scale heterogeneity,

combining disparate input formats and decentralized
learning into a single coherent problem.

e CrossBack framework for cross-modal continual
knowledge transfer: We extend the Pick-a-back [17]
paradigm to multimodal settings by allowing mod-
els to evaluate decision pattern similarity even across
modalities. Using CrossBack, each model identifies
and reuses the backbone of the most compatible peer,
even when trained on a different modality. This selec-
tive reuse not only supports modality-agnostic contin-
ual federated learning but also improves performance
through cross-modal knowledge complementation.

* Empirical validation: Experiments on two bench-
marks: CUB-200-2011 [16]], and Oxford-102 Flowers
[12] demonstrate that models trained independently
on images and text can engage in selective knowl-
edge transfer, improving accuracy and reducing com-
putational cost even under severe size- and modality-
mismatch conditions.

II. RELATED WORK

Multimodal Learning. Multimodal learning seeks to
integrate heterogeneous sources such as images, text, and
audio to build models with richer contextual understand-
ing. Early approaches leveraged indirect semantic super-
vision, where image models were enhanced through co-
occurring textual data. For example, Mori et al [[L1]. and
Quattoni et al [[13]. demonstrated that predicting descrip-
tive words from associated documents or captions could
improve visual representations. However, these methods
relied on paired training data and assumed aligned modal-
ity availability, making them unsuitable for edge scenarios
where modalities may not co-occur.

To mitigate this dependency, later works shifted to-
ward joint representation learning using deep generative
models. Srivastava and Salakhutdinov’s multimodal Deep
Boltzmann Machines [15] and Frome et al.’s DeViSE pro-
jected features into a shared latent space for cross-modal
alignment [[1]. These models assumed access to modality-
aligned training distributions and full data centralization—
assumptions incompatible with heterogeneous, decentral-
ized edge deployments where data resides on-device and
input formats vary.

Transformer-based architecture like CLIP[14] has fur-
ther advanced contrastive multimodal pretraining by learn-
ing alignment across large-scale image-text pairs. Re-
cently, C-CLIP[7], a benchmark model for multimodal
continual learning, has been proposed to extend the CLIP
framework. C-CLIP demonstrated the ability to retain
prior knowledge while maintaining initial performance
over time. Trained on diverse domain-specific image-
text datasets, it achieved state-of-the-art performance, out-
performing existing vision-language models and offer-
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Fig. 1. Overview of CrossBack’s cross-modal selective knowledge transfer process. The left side illustrates the backbone model trained
on image modality, while the right shows the target model using text input. Key/value projections from the image-based Perceiver 10
backbone are transferred and activated in the text-based model (Transfer & Activate). A new PiggyMask is applied to the transferred
layers to enable selective adaptation. The reconstructed backbone is then fine-tuned using local text data, allowing continual learning

without relying on a central server.

ing significant advances in continual multimodal learning.
While effective, their methods require massive centralized
datasets with uniform input preprocessing pipelines, and
cannot flexibly adapt to devices that differ in resolution,
sequence length, or input modality. Moreover, they lack
mechanisms for peer-to-peer knowledge sharing, which
are critical in resource-constrained edge intelligence sce-
narios.

In contrast, our method, CrossBack, explicitly targets
decentralized and heterogeneous settings. Rather than as-
suming globally shared modalities or centralized training,
we enable modality-agnostic and scale-agnostic knowl-
edge transfer between devices via internal representation
alignment, filling a fundamental gap left by prior multi-
modal methods.

Federated and Continual Learning. Federated learn-
ing (FL) enables model training across distributed clients
without data sharing. Foundational methods like FedAvg
[10] and FedProx [5] rely on server-based aggregation and
assume task and model homogeneity, which limits their
applicability in real-world edge scenarios where both in-
put modalities and computational capabilities are diverse.
These approaches also fail to address continual adaptation,
leading to performance degradation in non-stationary en-
vironments.

To solve such shortcomings, federated continual learn-
ing (FCL) has emerged, with many works addressing class-
incremental learning in server-coordinated environments.
However, these approaches—while effective in controlled
settings—overlook modality heterogeneity and typically
fail to accommodate devices with fundamentally different
data types and model constraints.

Parameter-efficient methods such as Piggyback [8] and
CPG [2] introduced task-specific masking strategies to
avoid catastrophic forgetting, enabling continual learning
with minimal parameter overhead. Yet, they presuppose
that a shared backbone exists and is applicable across all
tasks, which breaks down in cross-modal contexts where

input structures and latent representations diverge.

Building upon these masking-based strategies, Pick-a-
back introduced a decentralized framework for knowledge
reuse, in which each device selectively adopts a neigh-
bor’s backbone based on decision-pattern similarity. How-
ever, the original method assumes that all participating de-
vices operate under identical input modalities and struc-
tural configurations, which restricts its applicability to uni-
modal and resolution-consistent scenarios. As a result, it
fails to support knowledge transfer across structurally het-
erogeneous devices commonly found in real-world edge
environments.

To overcome these limitations, we propose CrossBack,
an extension of the Pick-a-back framework designed to
accommodate cross-modal and cross-scale heterogeneity.
This design enables a novel capability: modality-agnostic
backbone reuse, which has not been demonstrated in any
prior decentralized continual learning approach. In our ex-
periments, we include the original Pick-a-back as a base-
line to quantitatively evaluate how mismatches in modality
and input scale affect transferability. The results demon-
strate that CrossBack significantly improves knowledge
sharing performance in heterogeneous environments.

III. APPROACH

In real-world edge Al environments, deployed systems
often encounter diverse data distributions in both modal-
ity (e.g., image vs. text) and shape (e.g., varying se-
quence lengths, resolutions, or feature dimensions). Tra-
ditional continual learning frameworks assume homoge-
neous inputs, which limits their applicability in unimodal
environments. To address this, we propose a modality-
agnostic continual federated learning framework that sup-
ports selective knowledge transfer across heterogeneous
edge devices. This framework, referred to as CrossBack,
extends the Pick-a-back architecture by enabling cross-
modal, shape-aware knowledge transfer between edge
models without requiring centralized orchestration.



Algorithm 1. CrossBack

Require: L, {M((][) , 70,00 CL,piggyMask})_,
1: for/=1,...,Ldo

2: fori=1,...,|T"| do
3: Mo < CLAtrain(Mi@l,T,U),G‘.(’)) > local learning
4: fork=1,...,Ldo
5: sim[k] <

combine (cos-ddv( DDV (attnRep(Mioc, extractkKV (M) ))),

DDV (attnRep(M*), extractk V(M) ), eucddv(...)) > attention
6: end for
7: k* ¢ argmaxy sim[k]
8: M init,piggyMask(Mloc,extractKV(Mi(fl))) > fuse KV
9: Mfl) 4+ CL.train_with_mask (M, Tim, Bi(’)) > masked adaptation
10:  end for
11: end for

. (U
12: return {M‘T(,)‘ =

) initial PerceiverIO on device I; T

Notation. L is the number of devices; M((]I
its task sequence; 6(!) task hyperparameters; CL the continual-learning strategy;
init_piggyMask injects a piggyMask over extracted KV layers; extractKV (M) ex-
tracts the key—value pair from M; attnRep(M, kv) returns the cross-attention output
representation of model M given key—value input kv; cos_ddv, euc_ddv compute
cosine- and Euclidean-based distributional distances of DDVs.0

A.  Cross-Modal Selective Knowledge

The proposed framework operates in a decentralized
federated learning environment, where each decentralized
edge device possesses either image or text modal local
data. Each device learns in a continual, task-specific man-
ner, encountering a sequence of local tasks while maintain-
ing compatibility with potential knowledge sources from
other devices. The principal elements of the framework are
as follows:

* Backbone Selection: For each local task, the frame-
work identifies the most compatible peer model as
a backbone. This selection is performed by compar-
ing model responses in a latent representation space
induced by cross-attention interactions, using shared
and perturbed key/value projections extracted from
each model.

* Cross-modal and cross-shape compatibility: The
framework Supports knowledge transfer across both
modalities (e.g., image vs. text) and input dimension-
ality gaps. Instead of aligning raw inputs or archi-
tectural structures, it operates on internal attention-
based representations that are normalized, mutated,
and compared using distance-based metrics.

* Continual Adaptation: Once the backbone model
is selected, its internal key/value projection layers
are transferred to the local model. The local model
then continues learning using the CPG [2] paradigm,
which mitigates catastrophic forgetting by dynami-
cally reallocating parameter capacity.

IV. ARCHITECTURES

To evaluate the effectiveness of cross-modal knowledge
transfer in continual federated learning, we implemented
our architecture using lightweight and modality-flexible ar-
chitectures. Our implementation is composed of two core
modules: the continual learner and the federated knowl-
edge transfer agent.

A. Continual Learner

Each local device is equipped with a Perceiver 10 [3]
model as its backbone. The model is chosen for its archi-
tectural flexibility to handle diverse input modalities (e.g.,
text sequences and image patches) with varying shapes.
Following the original Pick-a-back, we employ two rep-
resentative continual learning strategies to mitigate catas-
trophic forgetting during sequential task training: PackNet
[9] and CPG [2]. It manages model capacity during se-
quential task learning to allow each model to adapt effi-
ciently to new tasks while avoiding catastrophic forgetting
at the same time.

B. Multimodal Federated Learner

The federated component of our system operates with-
out a central server. When a new task arrives at a lo-
cal device, it computes task similarity to other devices’
models using a variation of ModelDiff [6]. We first ex-
tracted key and value projection layers from the cross-
attention to compare models with different input formats.
Then, we compute the decision distance vector (DDV)
for each model, which is a metric that measures decision
pattern similarity for the model output pair. We compute
the DDV-cosine and DDV-euclidean distances between de-
vices, thereby choosing the most compatible model as the
backbone for knowledge transfer. The selected backbone
model may come from either the same or a different modal-
ity. Once the device chooses its backbone provider, its
key/value layers are transferred to the local model and in-
tegrated with a newly initialized piggymask, distinct from
previously learned masks, allowing robust adaptation of in-
jected layers in the fine-tuning step.

V. EXPERIMENTS

A.  Experimental Design

To evaluate the effectiveness of CrossBack under real-
istic, continual federated learning scenarios, we designed
a set of experiments simulating decentralized edge envi-
ronments with heterogeneous devices. Each device is as-
signed a sequence of tasks, either in image or text modal-
ity, and engages in continual learning over time without ac-
cess to a centralized server or shared raw data. To evaluate
cross-modal compatibility, we designed experiments us-
ing multimodal datasets with hierarchical class structures.



Table 1. Compatibility Evaluation Results: Comparison of accuracy
datasets.

(a) CIFAR-100 (Image modality with Perceiver 10)

between wo_backbone and w_backbone across tasks on two

D 1 2 3 4 5 6 7 8 9

10 11 12 13 14 15 16 17 18 19 20

Selected Backbone ID 5 3 12 5 12 3 5 3 3
‘Wo_Backbone 0.516 0.658 0.568 0.444 0.672 0.446 0.530 0.538 0.514
W_Backbone 0.546 0.636 0.588 0.514 0.734 0.524 0.548 0.650 0.694

3 5 3
0.546  0.740 0.464
0.634 0.692 0.556

3 5 3 3 3 5 18 18
0.514 0480 0318 0438 0454 0492 0442 0.714
0.646 0.598 0.396 0.474 0.538 0.536 0.584 0.720

(b) Oxford 102 Flowers (Tasks 1-6: Image, Tasks 7-12: Text)

1D 1 2 3 4 5 6 7 8 9 10 11 12
Selected Backbone ID 5 5 5 5 5 5 11 7 11 8 8 7
Wo_Backbone 0.8188 0.9661 0.8389 0.5932 0.8974 0.6695 0.6411 0.9059 0.7966 0.5085 0.8633 0.6271

W _Backbone 0.7778 0.9573 0.8898 0.7966 0.9316

0.7542  0.7009 09145 0.7373 0.5169 0.8803 0.5763

We used four different groups of datasets: CIFAR-100 [4],
CUB-200-2011 [16], and Oxford 102 Flowers [12]. All
but CIFAR-100 were preprocessed as follows: image and
text data were separated, and trained to modality-specific
Perceiver IO models separately. Half of the tasks were as-
signed to text-based models and the other half to image-
based models, thus simulating modal heterogeneity.

Architecture. Our full experimental pipeline consists of
five stages, each corresponding to a critical phase in con-
tinual learning and selective knowledge transfer. We used
Perceiver 10 implemented with PyTorch for our main eval-
uation.

Evaluation Metrics. Final task accuracy was used as the
primary evaluation metric to assess model performance
and forgetting. To validate the backbone selection mecha-
nism and quantify transfer effectiveness from cross-modal
backbones versus unimodal peers, we used the similarity
distribution of DDV-cosine and DDV-euclidean.

Baselines. A modality-specific baseline is first established
for each edge device, with half of the tasks trained on text-
based Perceiver 10, while the other half on image-based
models. Each device sees tasks sequentially and indepen-
dently, and all models are initialized without prior knowl-
edge of each other’s internal states. Such a setup isolates
the learner without any external knowledge transfer, serv-
ing as the lower bound for performance comparison.

To validate the compatibility of our framework with
prior work and ensure consistent experimental grounding,
we first tested our approach with the CIFAR-100 dataset.
As a unimodal image classification benchmark previously
used in the original Pick-a-back, CIFAR-100 allows us
to verify that our Perceiver I0-based implementation per-
forms comparably in single-modality continual learning
settings.

We then extended our evaluation to the Oxford 102
Flowers dataset to validate whether the original Pick-a-
back—designed for unimodal image classification—could
be effectively applied to the text modality and intra-modal
knowledge transfer within CrossBack.

To evaluate the full cross-modal transfer capability of
CrossBack, we used arichly structured multimodal dataset:
CUB-200-2011. It is reorganized into superclass—subclass
hierarchies to simulate realistic continual learning tasks
with diverse semantics across modalities.

In this phase, we designed two experimental conditions:

* Intra-modal only: Backbone candidates are selected
exclusively from models trained in the same modality
(image-to-image or text-to-text).

¢ Cross-modal allowed: Backbone candidates can be
drawn from the full pool of models, regardless of
modality, enabling backbone search across diverse
modalities.

By comparing performance across these two conditions,
we assess the effectiveness of CrossBack in selecting ap-
propriate backbone models in both modality-aligned and
modality-heterogeneous settings. This comparison reveals
the framework’s ability to generalize beyond modality
boundaries in federated continual learning.

VI. EVALUATION

A.  Key result Overview

Through various experiments, we have demonstrated
the effectiveness of the proposed selective backbone trans-
fer strategy in both intra-modal and cross-modal environ-
ments. Specifically, the performance was evaluated from
the following three perspectives:

1) Compatibility. To verify the compatibility of our
approach with the original Pick-a-back method, we con-
ducted continual learning experiments in a single modal-
ity: image-based tasks on the CIFAR-100 dataset and text-
based tasks on the Oxford 102 Flowers dataset. In both ex-
periments, the proposed CrossBack strategy either matched
or outperformed the original approach, confirming that the
Perceiver 10-based architecture is well-aligned with exist-
ing mechanisms.



Table 2. Intra-modal Transfer Results: Comparison of accuracy between wo_backbone, random and w_backbone for same-
modality transfer settings using CrossBack.

(a) CUB-200-2011: Task IDs 1-28 (image), 29-56 (text)

D 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Selected Backbone ID 5 3 2 5 12 7 5 3 3 3 10 5 2 20
Wo_Backbone 0.4500 0.4667 0.4167 0.6333 0.6667 0.2667 0.5167 0.2500 0.4167 0.5167 0.1833 0.5833 0.3833 0.6333
Random 0.3500 0.4500 0.3500 0.6333 0.5333 0.3333 0.5333 0.2667 0.5000 0.6500 0.4500 0.6000 0.2833 0.5167
W _Backbone 0.5833 0.4000 0.5333 0.8167 0.7667 0.4500 0.7333 0.3000 0.3667 0.6000 0.4500 0.7833 0.3333  0.6500
D 15 16 17 18 19 20 21 22 23 24 25 26 27 28
Selected Backbone ID 3 3 8 8 3 5 5 3 8 3 3 3 3 12
Wo_Backbone 0.4500 0.3167 0.2500 0.3167 0.2500 0.7000 0.2833 0.3667 0.2667 0.4667 0.3167 0.3000 0.4500 0.3000
Random 0.4333  0.3500 0.2833 0.2333 0.3167 0.6500 0.3333 0.3167 0.2000 0.3833 0.3000 0.2833 0.4000 0.3333
W _Backbone 0.5333  0.2500 0.2167 0.2667 0.3833 0.6833 0.4667 0.3833 0.2333 0.5167 0.3333 0.3000 0.2500 0.5500
ID 29 30 31 32 33 34 35 36 37 38 39 40 41 42
Selected Backbone ID 52 52 37 52 52 54 52 52 52 52 40 37 52 35
Wo_Backbone 0.5167 0.6500 0.5500 0.5333 0.5333 0.4833 0.7167 0.4000 0.4167 0.6500 0.4000 0.5500 0.4667 0.3667
Random 0.2167 0.6667 0.4167 0.5000 0.5500 0.3833 0.6667 0.2333 0.4333 0.2167 0.3667 0.5667 0.4833 0.3833
W _Backbone 0.6333 0.6000 0.4333 0.5167 0.6167 0.4500 0.6333 0.3333 0.4833 0.5667 0.3833 0.3500 0.4667 0.6000
D 43 44 45 46 47 48 49 50 51 52 53 54 55 56
Selected Backbone ID 52 37 37 43 52 40 40 37 42 47 45 48 52 52
Wo_Backbone 0.3833  0.3333 0.2833 0.2667 0.5333 0.4833 0.1667 0.4333 0.5333 0.5000 0.3133 0.3167 0.3833 0.5500
Random 0.5000 0.2833 0.3000 0.2667 0.2000 0.6000 0.3333 0.3000 0.4833 0.3000 0.4000 0.2000 0.3500 0.4833
W _Backbone 0.4833 0.4333 0.3000 0.2667 0.4333 0.5667 0.3000 0.3833 0.4833 0.5833 0.2667 0.4167 0.4500 0.4167

2) Intra-modal Transfer. Experiments on backbone
transfer within the same modality, using the CUB-200-
2011 datasets, showed that the selected backbones main-
tain high accuracy within the same modality and transfer
effectively. Notably, higher similarity based on DDV led
to improved accuracy, further validating the effectiveness
of selective transfer even in intra-modal settings.

3) Cross-modal Transfer. In experiments allowing
cross-modal backbone selection on the CUB-200-2011
dataset, a significant number of tasks benefited from back-
bones selected across modalities. This demonstrated that
even with modality mismatches, transfer across modalities
based on distributional similarities is achievable. This sug-
gests that CrossBack performs a harmonious transfer strat-
egy that is both modality-aware and modality-agnostic.

4) Comparative Analysis of Backbone Usage: without
backbone, random transfer, and with backbone. To further
evaluate the effectiveness of the backbone selection strat-
egy, we compared the performance of models under three
different scenarios:

» without backbone: This scenario represents intact
continual learning without using any selective knowl-
edge transfer, essentially treating the model as a base-
line.

* random backbone: This control setting introduces
a randomly selected knowledge as a backbone for
knowledge transfer.

» with backbone: This scenario includes the use of our
strategy for backbone selection.

We compared the accuracy across each task ID to assess
whether the backbone selection strategy contributes to per-
formance improvement. The results confirmed that the use
of CrossBack (w_-backbone) provided significant perfor-
mance gains compared to the baseline (wo_backbone)
and the random backbone selection scenario (random).
This highlights that performance improvement stems not
merely from transferring information, but from selecting a
semantically compatible backbone.

B. Experimental Results

As illustrated in Table 1, the CrossBack framework
demonstrated performance either in alignment with or su-
perior to that of the original approach, confirming that
the Perceiver 10-based architecture and CrossBack frame-
work are well-aligned with existing mechanisms. Perfor-
mance was evaluated by comparing wo_backbone and
w_backbone, using accuracy as the metric. The effec-
tiveness of the backbone selection strategy was assessed
through performance comparisons for each task ID.

CIFAR-100 Results. For most tasks, the model with
the selected backbone (w_backbone) outperformed the
model without the backbone (wo_backbone). Notable
improvements were observed in tasks ID 5, 9, 12, 14, and
20, where clear performance gains were seen. These results
demonstrate that the proposed method works effectively in
an image-based single modality environment. The experi-
ments, conducted using the Perceiver 10 architecture, con-
firm the validity of the backbone selection strategy across
various tasks in the image modality.



Table 3. Cross-modal Transfer Results on the CUB-200-2011 Dataset. Each task selects a backbone across modalities; comparison of

wo_backbone vs. w_backbone, with improvements highlighted.

ID 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Selected Backbone ID 35 31 49 38 55 30 40 53 46 45 31 53 35 35
Wo_Backbone 0.4500 0.4667 0.4167 0.6333 0.6667 0.2667 0.5167 0.2500 0.4167 0.5167 0.1833 0.5833 0.3833 0.6333
W _Backbone 0.4833 0.5500 0.4667 0.7500 0.7167 0.4833 0.4833 0.3333 0.3833 0.5667 0.4167 0.5167 0.4167 0.5333
D 15 16 17 18 19 20 21 22 23 24 25 26 27 28
Selected Backbone ID 38 42 32 53 38 39 47 38 37 32 50 32 46 44
Wo_Backbone 0.4500 03167 0.2500 0.3167 0.2500 0.7000 0.2833 0.3667 0.2667 0.4667 0.3167 0.3000 0.4500 0.3000
W _Backbone 0.4833 0.4333 0.2833 0.3000 0.5667 0.6000 0.3000 0.4000 0.4500 0.4667 0.4333 0.3833 0.4667 0.2667
1D 29 30 31 32 33 34 35 36 37 38 39 40 41 42
Selected Backbone ID 19 19 19 19 19 19 19 19 19 19 19 19 19 19
Wo_Backbone 0.5167 0.6500 0.5500 0.5333 0.5333 0.4833 0.7167 0.4000 0.4167 0.6500 0.4000 0.5500 0.4667 0.3667
W _Backbone 0.6667 0.5667 0.6167 0.5833 0.7333 0.2333 0.7667 0.3500 0.5000 0.6333 0.4500 0.5833 0.5667 0.4333
ID 43 44 45 46 47 48 49 50 51 52 53 54 55 56
Selected Backbone ID 19 19 19 19 19 19 19 19 19 19 19 19 19 19
Wo_Backbone 0.3833 0.3333 0.2833 0.2667 0.5333 0.4833 0.1667 0.4333 0.5333 0.5000 0.3133 0.3167 0.3833 0.5500
W _Backbone 0.5167 0.3833 0.3833 0.2333 0.5333 0.6333 0.3167 0.4167 0.4333 0.5000 0.3667 0.4500 0.5833 0.3667
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Fig. 2. Validation accuracy over training steps for target tasks 6 (left) and 2 (right). For both tasks, selecting a cross-modal backbone
(30 for task 6, 31 for task 2) yields higher and more stable performance than using an intra-modal backbone (7 and 3, respectively),
demonstrating the effectiveness of cross-modal selective transfer in CrossBack.

Oxford 102 Flowers Results. For tasks 1-6, which used
the image modality, and tasks 7-12, which used the text
modality, experiments were conducted. While Pick-a-back
was originally proposed for image modality, the method
showed strong performance in the text-based environ-
ment as well, with the model using w_backbone outper-
forming wo_backbone in most tasks. Specifically, task
ID 11 showed an improvement of over 0.05 compared
towo_backbone, suggesting that the backbone selection
strategy can be effectively applied to the text modality. Ad-
ditionally, the use of the Perceiver IO model in the experi-
ments further confirms that Pick-a-back is compatible with
various architectures.

1) Intra-modal Transfer. Table 2 presents the results
of intra-modal knowledge transfer using our proposed
framework. These experiments were conducted in a set-
ting where both the source and target tasks share the same
modality (image or text), allowing us to evaluate the effec-
tiveness of the selective backbone transfer strategy within
a single modality. The method, referred to as CrossBack,

demonstrates strong performance in both visual and tex-
tual domains.

We conducted experiments on 28 image-based tasks
(Task IDs 1-28) and 28 text-based tasks (Task IDs 29-56).
Among the image modality models, 18 out of 28 showed
improved performance when using w_backbone com-
pared to wo_backbone. For text-based models, 12 out of
28 showed gains. These results highlight that CrossBack
performs effective backbone selection in an unimodal en-
vironment, especially for image modality tasks.

2) Cross-modal Transfer. Table 3 presents the results
of cross-modal backbone selection using CrossBack on
the CUB-200-2011 dataset. In this setting, a model is al-
lowed to choose a backbone from a different modality, en-
abling evaluation of distribution-level compatibility across
modalities.

We carried out experiments involving 28 tasks based
on images (IDs 1-28) and 28 tasks based on text (IDs
29-56), utilizing selected backbone architectures that ap-



ply to either the image or text modality. Among the im-
age modality models, 20 tasks achieved higher accuracy
when a text-based backbone was selected, compared to
using another image-based backbone. Conversely, among
the text modality models, 18 tasks showed improved per-
formance when selecting an image-based backbone. These
results suggest that our strategy effectively performs back-
bone selection even under modality mismatches, guided by
distributional similarity (DDV) rather than strict modality
alignment. The performance gains in both directions indi-
cate the modality-agnostic transferability and flexibility of
CrossBack.

C. Discussion

The experimental results presented above provide valu-
able insights into the mechanisms and potential of Cross-
Back. Firstly, the selective transfer mechanism proved ro-
bust across modalities, indicating that distributional simi-
larity—rather than modality alignment—is a reliable guide
for knowledge reuse. This supports the core design princi-
ple of leveraging Distributional Distance Vectors (DDV) to
assess task-level compatibility, instead of relying on hand-
crafted heuristics. Interestingly, while image-based tasks
consistently benefited from selective backbone reuse, the
improvements were less uniform across text-based tasks.
This discrepancy may stem from the variability in rep-
resentational quality across backbones trained on differ-
ent modalities, particularly since text-based representa-
tions are often more sensitive to architectural choices and
pretraining dynamics. Further investigation into modality-
specific tuning could help mitigate these inconsistencies.
Another significant insight is the strength of the Perceiver
10 backbone in facilitating seamless interaction across di-
verse input formats. Its ability to process varying input
sizes and structures enabled the unified architecture to be
effective under heterogeneous conditions.

Despite these strengths, some limitations remain. For
example, while our framework supports backbone selec-
tion across modalities, it currently does not account for po-
tential degradation when the selected backbone introduces
noise or incompatible features. Additionally, the scalability
of the selection process in real-time or large-scale decen-
tralized environments has yet to be thoroughly explored.

Even so, CrossBack offers two additional advantages
critical for real-world deployment: (1) faster backbone
retrieval via precomputed compatibility metrics, and (2)
enhanced privacy through the transfer of only projec-
tion layers and intermediate features—never raw data or
full weights. These properties further solidify CrossBack’s
suitability for edge learning environments with strict la-
tency and security constraints.

Future work may expand the method to include addi-
tional modalities such as audio and video or adapt it for
sequence-to-sequence and generative tasks. Investigating
adaptive or learnable backbone selection strategies, as op-

posed to relying solely on similarity measures, could fur-
ther enhance robustness. Lastly, exploring collaborative
backbone training in federated or self-supervised learn-
ing settings may unlock new possibilities for decentralized
continual learning.

In summary, the discussion of results reveals that Cross-
Back offers a promising direction for enabling flexible
and efficient knowledge reuse across diverse edge environ-
ments. With further refinement, it has the potential to be-
come a foundational mechanism in real-world multimodal
Al systems.

VII. CONCLUSION

CrossBack is a new framework for selective knowledge
transfer on the edge, where devices process data of het-
erogeneous modalities, resolutions, and sequence lengths.
Building on Pick-a-back, it assesses cross-modal compat-
ibility, selects the peer whose decision patterns best align,
and selectively reuses that backbone, thereby overcoming
both input-size and modality mismatches.

We address a fundamental question: How can models
with divergent input sizes and modalities effectively ex-
ploit external knowledge? Extensive experiments demon-
strate that even models trained on orthogonal modalities
(e.g., images and text) can exchange knowledge through
CrossBack, simultaneously boosting accuracy and reduc-
ing computation. These findings move edge Al beyond
single-modality assumptions and pave the way for con-
tinual, autonomous collaboration in decentralized environ-
ments, with the proposed CrossBack framework emerging
as a core enabler for real-time multimodal applications.
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SUMMARY OF THIS PAPER

A. Problem Setup

Multi-modal Al offers robustness and accuracy by integrating data from vision, text, audio, and sensors. How-
ever, deploying such models on edge devices is challenging due to constraints on computation, memory, and
security, as well as heterogeneity in input shape and modality. These factors render uniform model deployment
and centralized updates impractical. Selective knowledge transfer addresses this by allowing each device to
adopt only the external knowledge most compatible with its local context. Prior work, such as Pick-a-back,
enables decentralized backbone reuse based on decision similarity, but assumes homogeneous input.

B.  Novelty

We introduce CrossBack, the selective knowledge-transfer framework that jointly handles input-scale and
modality heterogeneity in decentralized edge environments. Building on Pick-a-back, CrossBack leverages in-
ternal cross-attention key/value projections to compute DDV-cosine and DDV-euclidean distances, enabling
each device to identify and reuse the most compatible peer backbone across both vision and language modali-
ties and across varying input resolutions. Our fully decentralized design obviates any central server and employs
dynamic piggymasks to manage capacity and prevent forgetting.

C. Algorithms

Require: L, {M", T 00) CL piggyMask}L ,

2: fori=1,....]T"| do

3 Mo C‘L.lrain(M,(i)l , T,.(l) , 9,-(1)) > local learning
4 fork=1,...,Ldo

5 sim[k] < combine (cox,ddv(DDV(attnRep(Mloc, extractKV(M‘.(f)l ), DDV(attnRep(Mi(f)l , extractKV(Mi(f)l )))), euc_ddv(.. )) > attention
6: end for

7: k* < argmax; sim[k]

8: M init,piggyMask(Mloc,extractKV(Mi(f*]))) > fuse KV
9 M,m < CL.train_with_mask(#, Tim , Oi(/)) > masked adaptation
10 end for

11: end for

. 0
12: return {M‘T(O‘}/L:l

Notation. L is the number of devices; M((,’) initial PerceiverIO on device /; T() its task sequence; 6) task hyperparameters; CL the continual-learning
strategy; init_piggyMask injects a piggyMask over extracted KV layers; extractKV(M) extracts the key-value pair from M; attnRep(M,kv) returns the cross-
attention output representation of model M given key—value input kv; cos-ddv, euc_ddv compute cosine- and Euclidean-based distributional distances of DDVs.

D. Experiments

We evaluated CrossBack in continual federated learning with decentralized edge devices with modality hetero-
geneity. Devices sequentially received image- or text-based tasks without centralized data or the parameters of
other models. Experiments on CIFAR-100, CUB-200-2011, and Oxford 102 Flowers used modality-specific
Perceiver 10 models. Our pipeline included five stages: baseline training, pruning, backbone selection based on
distributional similarity(DDV), backbone transfer, and final evaluation. We compared three settings: no back-
bone, random backbone, and CrossBack-selected backbone. Results show CrossBack consistently outperforms
both baseline and random transfer in intra-modal and cross-modal tasks. It remains robust under modality mis-
matches, demonstrating the effectiveness of DDV. Additional ablations on CIFAR-100 and Oxford 102 Flowers
confirmed compatibility with single-modal settings and prior methods like Pick-a-back.
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