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Abstract—Artificial intelligence (AI) models have been widely
deployed on edge devices, enabling various IoT applications. How-
ever, lightweight on-device Al models on resource-limited edge de-
vices hinder their adaptability to dynamic environments and tasks.
Despite the superior generalization capabilities of recently devel-
oped Foundation Models (FMs), utilizing their extensive knowl-
edge on the resource-constrained edge platforms remains unex-
plored. In this work, we introduce DeepEdgeFM, an edge-cloud
collaborative system with FMs that enables open-set learning,
simultaneously achieving generalizability and efficiency for IoT
applications. DeepEdgeFM employs a spatiotemporal-aware se-
mantic customization approach that leverages spatial, temporal,
and domain-specific knowledge from FMs to continuously cus-
tomize edge models using unlabeled sensor data in emerging IoT
environments. Meanwhile, DeepEdgeFM utilizes a dynamic model
switching strategy to selectively query the knowledge of FMs based
on sensor-data uncertainty and real-time network fluctuations.
We implement DeepEdgeFM on five FMs and multi-modal large
language models (MLLMs), covering four types of sensor data
modalities. We evaluate DeepEdgeFM on two edge platforms, five
public datasets, and two self-collected datasets covering both in-
door and outdoor real-world environments. The results show that
DeepEdgeFM outperforms state-of-the-art baselines, achieving up
to an 18.6% accuracy gain and a 38.6 % latency reduction.

Index Terms—Foundation models, multi-modal large language
models (MLLMs), edge computing, edge-cloud collaborative
system, open-set recognition, Internet of Things.

I. INTRODUCTION

ECENT years have witnessed remarkable advancements
R in the computational power of edge artificial intelligence
(AI) hardware. The market for Al hardware is expected to reach
234.6 billion by 2025 [1]. These advancements have enabled
the deployment of various deep learning models on embedded
devices, facilitating diverse applications in daily life including
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healthcare [2], [3], autonomous driving [4], and smart home
systems [5]. Since these applications operate in complex and
ever-changing environments, generalization, adaptability, and
efficiency are critically important.

Due to the limited resources of edge devices, existing on-
device Al models are task-specific and only support the pre-
defined classes, working in a closed-set manner [2], [6]. Emerg-
ing new tasks or sensor data not predefined in the training
stage will significantly impair their performance. Although prior
efforts such as transfer learning [7] and meta learning [8] can
alleviate these challenges, they still require non-trivial manual
labeling and on-device retraining, which is impractical for real-
world IoT applications [9]. The emergence of foundation models
(FMs)! such as GPT-40 [10] and ImageBind [11] have the po-
tential to transform human life with their superior generalization
and reasoning capabilities, empowering diverse novel applica-
tions such as conversational systems [12], [13], multi-modal
assistive systems [14], and [oT sensing [15]. Multi-modal FMs
such as ImageBind [11] leverage large-scale paired multi-modal
data for pretraining, projecting different modalities, including
image, audio, depth, and text, into a unified feature space.
This unified embedding space bridges the diverse sensor data
modalities with text, enabling FMs with open-set recognition
capabilities.

However, most existing FMs are pretrained on billions of
data samples and comprise billions of parameters [16], [17],
making them cloud-centric on service platforms such as Mi-
crosoft Azure [18], [19], [20]. Offloading sensor data to the
cloud is impractical in many IoT scenarios due to network
conditions. Directly executing FMs on edge devices is also
infeasible due to their heavy computational requirements. Ex-
isting model compression solutions [21], [22], [23] treat all
sensor data equally, leading to sub-optimal results and potential
performance degradation for unseen data. Although prior works
on splitting computing [24], [25], [26] can dynamically adjust
computing strategy by splitting the model into different parts, the
unique characteristics of Transformer architecture in FMs offer
limited benefits, as the intermediate features in Transformers are
even larger than the raw sensor data [27].

In this paper, we introduce DeepEdgeFM, a novel edge-cloud
collaborative system with open-set capability. As illustrated
in Fig. 1, DeepEdgeFM maintain FMs on the cloud and

"Throughout this study, FMs encompass both encoder-based models like
ImageBind and multi-modal large language models like GPT-4o.
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Fig. 1. An example of DeepEdgeFM, leveraging edge-cloud collaborative

inference and dynamic customization to enable edge devices with open-set
capability.

a customized small model on the edge devices. The FMs
on the cloud serve as a knowledge base containing both
general and domain-specific knowledge. At the inference stage,
DeepEdgeFM integrates the uncertainty of the sensor data and
the network conditions to perform dynamic model switching,
determining whether to use the customized edge model for
efficient inference or FMs for comprehensive inference. Mean-
while, DeepEdgeFM employs a spatiotemporal-aware semantic
customization approach to continuously customize the domain-
specific knowledge for edge models in a label-free manner,
gradually enhancing their capabilities and increasing the ratio of
data processed on the edge, thereby reducing system overhead.
We implement DeepEdgeFM on five FMs, including encoder-
based FMs (CLIP [28], ImageBind [11], LanguageBind [29])
and MLLMs (LLaVA [30] and Qwen-VL [31]), and test it
on two edge platforms, NVIDIA AGX Xavier and NVIDIA
Nano. We evaluate DeepEdgeFM on five public datasets and
two real-world datasets covering both indoor and outdoor en-
vironments, using four sensor modalities including RGB, au-
dio, depth, and infrared. Our extensive experiments show that
DeepEdgeFM achieves both end-to-end latency reduction and
accuracy increase compared to baselines.
In summary, we make the following key contributions:
® We design DeepEdgeFM, an efficient edge-cloud collabo-
rative system with FMs that enables open-set learning for
IoT applications. DeepEdgeFM dynamically coordinates
cloud-based FMs with lightweight, customized models
on the edge to achieve both system generalizability and
efficiency.
® We propose a spatiotemporal-aware semantic customiza-
tion approach that enables DeepEdgeFM to continuously
customize the edge model in a label-free manner by lever-
aging the domain-specific knowledge from FMs. This ap-
proach enables DeepEdgeFM to efficiently update the edge
model and dynamically balance emerging knowledge from
FMs with the historical knowledge within the edge model.
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® We develop a dynamic model switching strategy that inte-
grates both the uncertainty of sensor data and live network
conditions to coordinate FM and customized edge models.

e We implement DeepEdgeFM on five FMs, including
both encoder-based FMs and MLLMs, and evaluate it
on two edge platforms. We evaluate DeepEdgeFM on
five public datasets and two self-collected datasets, cov-
ering four sensor data modalities. Results show that
DeepEdgeFM achieves up to 3.2x latency reduction and
34.3% accuracy gain compared to the state-of-the-art
baselines.

II. RELATED WORK

Open-set Recognition: This paradigm implies that the ma-
chine learning model must be capable of identifying any class
described in natural language without requiring fine-tuning.
Previous studies on open-set recognition can be categorized
into semantic-based and generative adversarial network (GAN)-
based approaches. Semantic-based solutions [37], [38], [39]
establish relationships between language and other modalities in
the embedding space. GAN-based solutions [40] employ GANs
to synthesize features of unseen classes, using these synthetic
features to train the model and adapt to new classes. However,
their generalization capabilities remain constrained by limited
training data and model size compared to FMs.

Efficient On-device Inference: Various techniques have been
proposed to speed up on-device neural network (NN) inference,
including model compression [41], early exit [42], input filter-
ing [43], and result reuse [44]. However, model compression
techniques such as quantization [41] and pruning [45] are static
acceleration solutions, assigning the same computations to all
samples, which is suboptimal. Additionally, highly compressed
FMs can result in significant performance degradation. Early
exit approaches [42] can dynamically reduce redundant compu-
tations, but the early-exit heads in FMs incur nontrivial costs due
to their deep layers and high-dimensional Transformer embed-
dings [27]. Further, difficult samples still require the complete
inference of the FM, which is impractical on resource-limited
edge devices.

Inference Efficiency of FMs: vLLM is a fast LLM serv-
ing technique based on PagedAttention [46] and quantization.
In addition, techniques such as model cascade [47], specula-
tive decoding [48], layer-skipping [49], and mixture-of-experts
(MoE) [34], [50] have also emerged to reduce the inference over-
head of FMs. However, these approaches cannot support running
FMs on edge devices like the NVIDIA Jetson Nano. Some
studies use knowledge distillation (KD) to generate lightweight
FMs such as DIME-FM [21] and MobileSAM [23]. However,
they primarily aim to preserve open-set capabilities rather than
tailor a lightweight edge model, limiting their practicality in
embedded systems.

Edge-cloud Collaboration: Several edge-cloud collaboration
systems have been proposed in recent years. Neurosurgeon [24]
splits the NN into two parts to be deployed on the edge and
cloud, respectively. SPINN [25] further integrates an early-exit
mechanism into edge-cloud collaboration, jointly optimizing the
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TABLE I
A SUMMARY OF RECENT STUDIES ON LEVERAGING FMS ON EDGE DEVICES (®
INDICATES INCLUDED)

Open-set | Continuous LLM- Edge Cost .
Approach Recognition | Interaction | Compatible | Reduction Modalities
Xue ef. al [32] ° o o Low | MU WIFi.
EdgeTA [33] O () O Medium RGB, Text
EdgeMOoE [34] O O (] Medium Text
EdgeShard [35] O O [ ) Medium Text
PICE [36] O O ] Medium Text
DeepEdgeFM ° ° ° i || Gk, Ak

Depth, Infrared

splitting layer and the early exit threshold. Other studies, such
as AgileNN [51] and DeepCOD [52], compress the intermediate
features to be offloaded, thereby further reducing offloading
latency. However, most existing works are designed for task-
specific NNs that operate in a closed-set manner. Developing
an edge-cloud collaborative system with open-set capability
remains unexplored.

In summary, existing works either focus on optimizing the
on-device inference for closed-set NNs or compressing FMs
with dedicated designs that are static and not scalable for dy-
namic IoT applications. Although recent studies have explored
efficient LLM inference on edge devices [34], [35], [36], they
remain limited to text modalities and do not consider dynamic
environments or multimodal sensing in embedded systems. We
summarize recent work on efficient FMs in edge systems in
Table I. Leveraging the open-set knowledge of FMs for embed-
ded systems remains an unresolved issue.

III. BACKGROUND AND MOTIVATION

This section first introduces the background of FMs, then
discusses the challenges of using FMs in embedded systems and
studies the characteristics of FMs and closed-set models. Finally,
we investigate the feasibility of using FMs as a knowledge base
to customize edge models for open-set capability.

A. Multi-Modal Foundation Models

Foundation models (FMs) refer to anew class of large machine
learning models that can extract valuable features to support
diverse downstream tasks such as conversational systems [12]
and zero-shot [oT sensing [15]. In general, FMs can be catego-
rized into encoder-based FMs [11], [28] and multi-modal large
language models (MLLMs) [10], [14].

Encoder-based FMs represented by CLIP and Image-
Bind [11], [28] learn the pairing of data of different modalities
(e.g., RGB image and audio) and their corresponding textual
description across the internet to achieve the capability of
open-set recognition. In particular, encoder-based FMs adopt
a transformer-based encoder to extract features from the raw
data and convert them into embedding. FMs also use a text
encoder to extract fext embedding from the corresponding textual
description of the raw data (e.g., images). The training of such
multi-modal FMs often adopts contrastive learning to study the
pairing between the data embedding and the corresponding text
embedding to construct a unified embedding space. For any class
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Fig. 2.  An example showing the inference latency of cloud-centric FM solu-
tions under dynamic network conditions.

described in a natural language manner, the text descriptions and
the sensor data (such as images) are fed into the text encoder and
image encoder of FMs to obtain respective embeddings. After
computing the similarity score between the text embedding and
other sensor data’s embedding, FMs select the class with the
highest score as the final prediction

Although encoder-based FMs can achieve zero-shot IoT sens-
ing, their architectures support only embedding extraction rather
than open-ended language generation. Recent MLLMs, such as
LLaVA [30] and Qwen-VL [31], further connect these encoder-
based FMs to LLMs by mapping multi-modal embeddings into
the embedding space of LLMs. This enables MLLMs to process
multi-modal sensor data and generate open-ended language in
an end-to-end manner. This capability enhances their generaliza-
tion and practicality in embedded systems. However, the integra-
tion of additional heavyweight LLMs, which have significantly
larger parameters and resource requirements compared to the
multi-modal encoders, poses greater challenges for deployment
on edge devices.

B. Cloud-Centric FM Services

Open-set capabilities are fundamental to embedded systems,
yet most existing FM-serving systems employ cloud-centric
solutions [53]. We first study the performance of cloud-centric
FM serving on embedded systems. We establish an edge plat-
form in an office room with an NVIDIA Jetson Nano to stream
RGB images to a cloud server for object recognition. The cloud
server employs ImageBind as the FM. As shown in Fig. 2, the
system latency fluctuates significantly under varying network
conditions, ranging from 200 ms to 630 ms. Since cloud-centric
FM serving systems require streaming all user data to the cloud
for inference, it can lead to significant system delays, especially
under unstable and limited network conditions. This can greatly
affect user experience, such as increasing the likelihood of
collisions for home service robots.

C. Understanding FMs and SMs

We then study the performance of FMs and closed-set small
models (SMs) using unseen test samples from two datasets.
The setting follows real-world embedded systems, where SMs
with closed-set capabilities are typically deployed on the edge.
Specifically, we use the FLO102 dataset [54], which contains
102 flower classes, and a self-collected dataset with 40 common
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TABLE II
THE PERFORMANCE OF SMS AND FMs WITH UNSEEN TEST SAMPLES ON
FLO102 AND SELF-COL DATASETS, RESPECTIVELY

| Models | FLO102 | Self-Col | Param | Latency
SMs MobileNet 1.1% 2.6% 3.5M 36.8ms
ResNet18 0.4% 3.4% 11.7M | 30.5ms
ImageBind 78.4% 71.3% 1172M N.A.
FMs CLIP-L/14 79.5% 77.1% | 407.8M N.A.
LLaVA-1.6-34B | 60.5% 82.5% 34B N.A.
=3 ImageBind E=Z MobileNetV2
2 CLIP-L/14 EfficientNet-B1
)
3\, 751 FFl ] ] P V7 rrl%
% Eﬂ\ WL W N N
o 50 m
—
ElUR
Q
<0
100 200 400 800
Number of Training Data
Fig. 3. The performance of SMs with different amounts of fine-tuned data.

The parameters of FMs are frozen. .

household items. We test two encoder-based FMs, CLIP [28]
and ImageBind [11], as well as an MLLM, LLaVA [30]. We use
MobileNetV2 [55] and ResNet18 [56] as SMs. We study how
SMs and FMs perform on unseen samples, the customization
of SMs to adapt to a dynamic set of classes, and measure their
inference efficiency.

Open-set Capability: First, we divide the datasets into two
subsets with non-overlapping classes to evaluate the open-set
capabilities of SMs and FMs. As shown in Table II, FMs can
reach a mean accuracy of up to 77% without any fine-tuning
or calibration, while SMs average only 1.5%, comparable to
random guessing. This significant performance gap indicates
that FMs can effectively handle open-set scenarios, whereas SMs
are largely ineffective for those unseen test samples.

Potential of Specialized SMs: Next, we measure the perfor-
mance of the SMs by calibrating them with data from the new
classes (i.e., the new types of objects added to the environment).
Fig. 3 shows the performance of zero-shot FMs (i.e., without
using any labeled data for calibration) and SMs customized
with varying amounts of labeled data. Initially, SMs exhibit
significantly lower performance compared to FMs when labeled
data is limited. However, as the amount of labeled data for cali-
bration increases, SMs can achieve comparable or even superior
performance, demonstrating the potential of fully specialized
SMs for specific tasks.

Inference Latency: Table II shows the model parameters and
execution latency of SMs and FMs. The parameter size of FMs
(LLaVA-1.6-34B) can be up to 9 x 10 times larger than that
of SMs. The inference time of SMs on a Jetson Nano is less
than 40ms, whereas FMs are hard to deploy due to memory
constraints (N.A. in Table II). The high computational demands
of FMs typically necessitate cloud deployment.
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Fig. 4. Feasibility of leveraging FMs as a knowledge base for customizing
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In summary, FMs possess strong open-set capabilities but
are too large to fit into embedded systems. On the other hand,
efficient SMs can achieve better performance than FMs after
being fully customized with labeled data from new classes.
However, labeled data for customization is typically unavailable
in practical embedded system applications. The above results
motivate us to develop a collaborative system that fully leverages
the generalization capabilities of FMs on the cloud and the
efficiency of specialized SMs on the edge.

D. Customization With FMs

We further explore the feasibility of leveraging FMs to cus-
tomize SMs by using the predictions of FMs as pseudo labels
to supervise the customization of SMs. Specifically, we train
SMs using different percentages of correct labels. Fig. 4 shows
the performance of SMs when we set different accuracy of the
pseudo labels. We control the correct percentage of the pseudo
labels among 400 unseen test samples, which is the values on
the x-axis. The vertical line shows the accuracy of CLIP-L/14.
The result shows that the accuracy of the SM is 90% when all the
pseudo labels are correct, while the accuracy of the SM drops
to 80% when the pseudo labels have 80% accuracy. Meanwhile,
CLIP can provide accuracy with 79.5% without any fine-tuning.
This motivates us to use FMs as a rich and general knowledge
base to provide high-quality supervision for the customization
of SMs.

IV. APPLICATION AND SYSTEM OVERVIEW

DeepEdgeFM is anovel edge-cloud collaborative system with
FMs that enables open-set capabilities in embedded systems.
This section introduces the application scenarios and the overall
system architecture of DeepEdgeFM.

A. Application Scenarios

DeepEdgeFM is designed to support a wide range of IoT
applications that leverage FMs and MLLMs, where edge de-
vices face computational or latency constraints. In particular, it
enables edge-side open-set recognition without any manual an-
notation through continuous interaction between FMs and cus-
tomized edge models. We demonstrate its applications through
two examples. First, the robot performs semantic sensing, which
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can be used in home services [9] or industrial logistics [57].
The key challenge is the diversity of personal items or goods,
which can frequently change and encompass many different
classes. However, existing systems require manually labeled
data for newly added classes to adapt, significantly hinder-
ing their practical use [9]. The second example application is
human activity recognition (HAR) on wearable devices like
smartwatches, which can be used for disease monitoring and
fitness tracking [2]. The main challenge is that current HAR
systems require a model calibration phase, which involves col-
lecting human-labeled data to adapt to users and their specific
activities of interest. Additionally, the interested activities can
change due to emerging health conditions or physicians’ advice.
Both example applications require recently emerged FMs with
strong generation capabilities to provide open-set recognition
on resource-limited embedded systems.

B. System Overview

Fig. 5 illustrates the system overview of DeepEdgeFM.
Specifically, DeepEdgeFM supports open-set learning in IoT
applications with categories articulated in any free-form natural
language. DeepEdgeFM first employs a spatiotemporal-aware
semantic customization approach (Section V-A) to adapt the
edge model using FMs with heterogeneous architectures. It
integrates spatial and temporal cues with FM-derived knowledge
to continuously customize the edge model as the environment
evolves. DeepEdgeFM also performs dynamic edge update
(Section V-B), identifying informative unlabeled sensor data
via confidence calibration and using a content-aware uploading
strategy to reduce system overhead. DeepEdgeFM periodically
update the customized edge model and text embedding pool
to the edge to enable open-set recognition. During the inference
phase, DeepEdgeFM’s inference engine (Section V-C) considers
both the uncertainty of the sensor data and network conditions to
dynamically switch between the edge model and the FM, main-
taining accuracy close to the original FM while significantly
reducing cloud FM access.

V. DESIGN OF DEEPEDGEFM
A. Spatiotemporal-Aware Semantic Customization

DeepEdgeFM employs a customized edge mode and dy-
namically queries cloud-side FM knowledge for customization.
However, the continuously evolving environment and the het-
erogeneous architectures between FMs and closed-set models
pose challenges for customization. To address these challenges,
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we develop a spatiotemporal-aware semantic customization ap-
proach, shown in Fig. 8, which harnesses both the spatial and
temporal cues to continually adapt domain-specific knowledge
for the edge model in a label-free manner.

1) Semantic-Aware Customization From FMs: Existing
work mainly focuses on distilling knowledge between homo-
geneous architectures [58]. However, most current FMs utilize
Transformer architectures [11], while the limited computational
resources of edge devices allow edge devices only support
lightweight CNNs rather than heavyweight Transformers. This
poses challenges in customizing lightweight CNNs using knowl-
edge from heterogeneous FMs in a label-free manner while
preserving open-set capability. To address this challenge, we
propose a semantic-driven customization approach.

Heterogeneous Feature Projection: FMs encode the input
images or spectrograms into a sequence of tokens and map
them into a unified embedding space aligned with the text. The
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difference in embedding space and heterogeneous model archi-
tectures between FMs and edge models makes the customization
challenging. DeepEdgeFM employs lightweight CNNs as edge
models. Lightweight CNNs [55] can be viewed as comprising a
convolution-based feature extractor and a task-specific classifier.
To this end, we discard the task-specific classifier of the original
edge models and add a feature projection layer on top of the
original feature extractor of edge models, which is defined as
v; = ¥(S(x;)), where S(-) denotes the feature extractor of the
customized edge model, v(-) is the feature projection layer. The
architecture of the feature projection layer 1 (-) is a lightweight
single-layer feed-forward network. It can ensure the features
of the customized edge model have the same dimension as
FM’s unified embedding space, facilitating matching with text
embeddings of FMs to enable open-set recognition.

Knowledge Query from the Foundation Model: Obtaining
high-quality annotated sensor data is challenging in embed-
ded systems. In such unlabeled scenarios, a direct approach
to distilling task-specific knowledge from FMs is to use Mean
Squared Error (MSE) loss to align the sensor data embeddings
between the customized edge model and the foundation models.
However, Fig. 6 shows that using unlabeled data and MSE loss
for knowledge distillation leads to notable accuracy degradation
compared to fine-tuning with labeled data.

To address this challenge, we propose to leverage FMs to fur-
ther customize the user-specific knowledge to the edge models.
Here we define the user-specific knowledge as the interested
class set specified by users. Specifically, DeepEdgeFM initially
pre-stores a text embedding pool that contains text embeddings
from a wide range of frequently-used classes. The text embed-
dings in the pool are computed by the text encoder of FMs on
the cloud. In practical use, DeepEdgeFM allows users to freely
add their interested classes for respective applications. The text
embeddings of these newly added classes are computed by FMs
on the cloud and are added to the pool, which is then updated to
the user device periodically (Section V-B3). Note that it does not
mean requiring users to annotate each data, but only providing
interested classes set. Take vision tasks as an example, suppose
the text embedding pool is T and the visual encoder of FM
is T,(-), FMs on the cloud first extract the visual embedding
of the unlabeled data x; as 7,(x;). Then, DeepEdgeFM will
select a text embedding t; from the text embedding pool with
the highest similarity with 7,(x;) as:

t; = argmaz((T,(x;),tx)), tx € T, (1

where t] is the pseudo text embedding. We also assign t; a
confidence score as w; = (T, (x;), t}), i.e. the cosine similarity
between T,(x;) and t;. The pseudo text embedding and its
confidence score will be used for semantic-driven distillation.
Free-Form Open-Set Learning: Although FMs like CLIP [28]
and ImageBind [11] support open-set recognition, encoder-
based FMs still rely on a predefined text-embedding pool,
limiting their generalizability. To address this, we extend
DeepEdgeFM to MLLMs, which support open-set recognition
through freely generated natural-language outputs. However,
MLLMs generate free-form text descriptions. Such heterogene-
ity in model architectures and output spaces poses challenges for
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model customization. To address this, we employ a progressive
customization approach. Specifically, we prompt the MLLM
with “Please describe this sensor data in one word or phrase
that best captures its category.” to generate a concise description
of the current sensor data while remaining aligned with the
closed-set label space, yielding pseudo-class labels. Next, we use
the FM text encoder to embed these pseudo labels into pseudo
text embeddings t; and compute their confidence scores w;, as
in (1).

Semantic-Aware Distillation Loss: To further customize the
user-specific knowledge, we propose a semantic distillation loss.
Here we take vision recognition as an example. Firstly, we
adopt MSE loss to pull the features extracted by customized
small models closer to the visual embedding of FMs, i.e.
Lyis = Harse(To(x4), vi), where T, (x;) and v; are the visual
embedding of FMs and customized small model, respectively;
Harse is MSE function. Next, we adopt a bidirectional con-
trastive learning loss [28] to further pull the features extracted
by customized small models closer to the pseudo text embedding
of FMs. Given a mini-batch of bs paired data ( v;, fz-), where
v; is the embedding of the sensor data (e.g., image) extracted
by the customized small model, and fi is the most similar text
embedding in the text embedding pool of FMs, as in (1). We
adopt the bidirectional contrastive learning loss which is defined
as:

exp{<vi,f:k> /7'}
22821 exp{<vi,fk>/7}
exp{<fi,vk> /7'}

25:1 exp {<fi7vk> /7}

Lyt = —log

@

L7 = —log 3)

bs
Liext = bls;wi {)Lﬁgat’ (1 k)ﬁgﬁv} @

where w; is the confidence score of the sample x;, which
is obtained as mentioned before. A and 7 are the weight and
temperature parameters, respectively. We test the two parameters
with FLO102 dataset and choose X = 0.5 and 7 =1 that
achieve the best recognition accuracy.

2) Spatial-Aware Model Initialization: Directly customizing
the edge model from scratch or using checkpoints on public
datasets is inefficient and can lead to long training times. In
fact, cloud services for FMs, such as Microsoft Azure [18],
typically serve multiple users with similar environments [59].
To further improve the accuracy and efficiency of customization,
we integrate spatial cues into semantic-aware customization,
helping determine the initial weights and architecture of the edge
model. Next, we will first introduce the weight initialization,
followed by architecture selection.

DeepEdgeFM leverages model weights from similar environ-
ments to improve the efficiency of edge model customization.
Specifically, DeepEdgeFM maintains a server-side weight pool
W = {(W;,C;)},, where each model weight W; is paired
with an FM-derived centroid embedding C;. The embedding
C; is computed as the centroid of the FM embeddings extracted
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Fig. 9. Performance of customized edge models with different architectures
on different modalities.

from its associated sensor data D;:

C; = Centroid({Enc(d) | d € D;}), Q)

where Enc () denotes the sensor encoder of the FMs. During
the online stage, DeepEdgeFM collects a batch of sensor data
denoted as Dy, computes its centroid embedding Cqyy using
(5), and retrieves the model weights that achieve the highest
similarity to the query embedding:

(W*,C*) = arg max

Wi ,C:)eW

sim(quy, Cy). (6)
The retrieved weight WW* with the highest similarity is selected
as the initial edge model for the current user. We use the widely
used cosine similarity in this work for its efficiency.

DeepEdgeFM also selects an appropriate model architecture
based on system requirements and task profiles from edge de-
vices. As shown in Fig. 9, different architectures exhibit varying
accuracy—latency trade-offs across tasks and modalities [15],
DeepEdgeFM maintains an architecture zoo containing classical
edge models with pre-profiled accuracy, latency, and resource
usage. During the online stage, DeepEdgeFM filters architec-
tures by task and modality, then selects the one that maximizes
recognition accuracy under system constraints.

3) Temporal Consistency Guidance: Real-world environ-
ments evolve continuously, causing data shifts that lead to signif-
icant accuracy degradation in semantic-aware customization due
to the inherent trade-off between preserving historical knowl-
edge and adapting to newly arrived data. Although prior work
has explored diverse continual learning approaches [60], [61],
[62], they remain limited in supporting open-set customization
between heterogeneous FMs and lightweight edge models. To
address this, we develop a temporal consistency guidance ap-
proach that integrates historical knowledge from the edge model
with semantic customization, to inject new FM knowledge while
maintaining temporal consistency.

Specifically, DeepEdgeFM first maintains a cluster-based re-
play buffer to store key historical sensor data. However, directly
storing all user-uploaded data in the buffer and using every
historical sample for each semantic-aware customization step
can pose significant challenges in storage and customization
efficiency. To address this, we develop a cluster-based buffer
update strategy for efficient management and storage of data for
customization. Specifically, we periodically cluster the buffered
data Dinto k groups using K-means [63]. Since FM embeddings
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Fig. 10. Overconfidence phenomenon in the customized small model. The
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for all d € D are already computed during semantic-aware
customization, K-means is performed directly in the FM em-
bedding space. After clustering, only the samples whose em-
beddings are closest to their respective cluster centroids g
(ie., argmingep, |[Enc(d) — p;l|) are retained in the buffer
for subsequent customization. The hyperparameter k controls
the trade-off between customization accuracy and efficiency. We
will discuss its impact in Section VI-D2.

Next, DeepEdgeFM performs history knowledge replay dur-
ing the semantic customization. Although using filtered histori-
cal data during the customization process can somewhat alleviate
the forgetting problem, there is still a performance gap compared
to using all historical data for customization. To mitigate this
issue, we utilize the previous knowledge of the history small
model to improve customization efficiency. Specifically, we
incorporate a constraint Hy/sp (V,f_l , vf) into the loss function
to ensure that the small model does not forget historical data and
knowledge during the customization process, where v! ! and
v! are the visual embeddings from the small models at previous
round of customization and this round, respectively. Therefore,
the overall loss function of the small model customization in
DeepEdgeFM is: £ = aLpr + (1 — a)Lgps. The parameter
« balances the trade-off between learning new knowledge and
retaining previous knowledge during customization. It can be
easily adjusted based on the specific application scenario. For
example, in scenarios such as indoor robotic semantic sensing,
where changes in data distribution are minimal, a smaller «
value can be selected to prioritize retaining previous knowledge.
We will discuss its impact in Section VI-D2.

B. Dynamic Edge Update

DeepEdgeFM continuously customize the edge model to
dynamically adapt to the environment. However, streaming all
data to the cloud can cause non-trivial transmission overhead
and unreliability. Although prior works [64] have utilized soft-
max scores from conventional closed-set models to determine
data uploading, the open-set features and overconfidence phe-
nomenon of the edge model make existing solutions suboptimal
and pose unique challenges. This section introduces the dynamic
edge update in DeepEdgeFM, including confidence calibration
and a content-aware data uploading strategy.

1) Confidence Calibration: The phenomenon of overconfi-
dence refers to machine learning models exhibiting high con-
fidence in their predictions, even though their predictions are
incorrect [65]. In our experiments, we also observe that our
semantic-driven customization algorithm can lead to the edge
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model exhibiting the overconfidence problem. Fig. 10 shows
the relationship between the accuracy of customized small
models and their predicted confidence scores on the UCF101
dataset [66], with the left and right figures showing the results
from the small model and the ideal curve, respectively. When
small models exhibit a confidence score above 0.5 for samples,
their average classification accuracy only ranges from 20% to
40%, showing obvious overconfidence. The inaccurate confi-
dence estimation of the small model on edge devices signifi-
cantly impacts the edge-cloud collaboration system.

To address this challenge, we employ temperature scaling [65]
to calibrate the confidence score in the predictions of the cus-
tomized edge model. The confidence estimation of the edge
model’s predictions can be expressed as:

Conf(xi) = exp {(v;, tx) /Tc} ™

2tper P {{vi, tr) /7¢}

where (v, tg) is the cosine similarity between sensor data
embedding v; (computed by the customized edge models) and
each text embedding tj in the text embedding pool T. Tcis
the calibration parameter in temperature scaling. We set 7¢ = 5
based on the observation that this configuration results in the
best calibration performance of confidence, which can be seen
in Section VI-D3 for more details.

2) Content-Aware Data Uploading: To reduce transmission
overhead, DeepEdgeFM employs a content-aware data upload-
ing strategy tailored for open-set models, utilizing the semantic
similarity between sensor data embeddings and text embeddings
as the criterion for uploading. In particular, we utilize the mar-
gin score [67] to quantify sensor data uncertainty, defined as
Unc(x;) = Confi(x;) — Confa(x;), where Confi(x;) and
Con f2(x;) denote the highest and second-highest similarities
between the sensor data embeddings v; and the text embed-
dings in T, respectively. Sensor data with a low uncertainty
score Unc(x;) < Ugpre will not be offloaded to the cloud for
customization to save transmission cost, where Uyp,. is the
threshold for data uploading. We empirically set this threshold
to 0.99 as it exhibits the best performance. Fig. 7 shows that
when the edge model is customized using 800 unlabeled sensor
data in the current environment, the ratio of offloaded data can
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be reduced by up to 50% with negligible accuracy degradation,
significantly lowering data transmission overhead.

3) Periodic Update on the Edge: DeepEdgeFM periodically
updates and delivers the customized small model from the
cloud to the edge. The update interval is set to 200 seconds
in the system, as existing studies [68] show that this interval
achieves the best trade-off between accuracy and transmission
overhead. Additionally, if the user’s interested classes change,
DeepEdgeFM will update and deliver the text embedding pool
to the edge, enabling open-set recognition on edge devices.

C. DeepEdgeFM Inference Engine

Next, we introduce the inference engine of DeepEdgeFM,
which dynamically switches between the customized edge
model and the FMs based on the uncertainty of the sensor data
and the real-time network conditions, as shown in the Fig. 11.

1) Dynamic Model Switching: DeepEdgeFM employs an
edge-cloud hybrid inference strategy. For each sensor data x;,
the overall predictions of DeepEdgeFM can be represented as
follows:

P | xi) =r(xi) Pem (9 | xi) + (1 = 7(xi)) Prar (9 | x:)

(®)
where Pga (9| x;) and Ppas(9 | x;) are the predictions of
the customized edge model and FMs, respectively. Note that
DeepEdgeFM is an edge-cloud collaborative system with open-
set capabilities, thus both of Pgas (4 | x;) and Ppa (3 | x;)
are calculated by the semantic similarities between sensor data
embeddings and text embeddings: Pga (9 | xi) = (vi, tg),
Pray (9| x:) = (To(x;), tx). Here, v; and T, (x;) are the sen-
sor data embeddings from the edge model and FM, respectively,
while tj represents the text embeddings. Additionally, r(-) is
the router model responsible for model switching, which can be
defined as:

r(x;) = 1 {Unc(x;) > thre(t)} )

where  Unc(x;) represents the uncertainty of the sensor
data. thre(t) denotes the run-time model switching threshold,
which is different from the threshold used for customization in
Section V-B2. Additionally, it will be dynamically adapted to
the network conditions (see Section V-C2 for details).

2) Dynamic Network Adaptation: The model switching
threshold significantly impacts overall accuracy and system
overhead. DeepEdgeFM employs a dynamic network adaptation
strategy to adjust the switching threshold at run-time.

Specifically, DeepEdgeFM periodically collects sensor data
from the environment and constructs a calibration set C,
which is used for environment profiling. For each threshold
thre € (0,1), DeepEdgeFM measures the corresponding edge-
side processing ratio r(thre), corresponding average accuracy,
and latency for the data in C, and saves this information
in a threshold-searching table. During the run-time phase, the
selection of thre is determined by the priority of user demand.
For accuracy-prioritized scenarios, DeepEdgeFM selects the
smallest thre that ensures no accuracy degradation. For the
latency-prioritized cases, DeepEdgeFM determines the thre
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based on:

thre s.t. teae(thre) < Loy, (10)

max

three(0,1)
where L), is the latency constraints specified by the appli-
cation or user. fege(thre) is the end-to-end inference latency,
which can be estimated by: feo.(thre) = r(thre) “tedge +
(]- - T(th?”e)) . (ttrans + tClO'ILd)? where tedge and teloud are
the latency on the edge and cloud side, respectively. The of-
floading latency t;.4ns can be estimated by ty,qns = %,
where DS is the size of the offloaded data, and B(¢) is
the real-time network bandwidth. Note that network estimation
has been widely studied in prior work [69]. Our approach is
compatible with these existing solutions. Based on (10) and the
equation for estimating f.o.(thre), DeepEdgeFM can obtain
the optimal edge processing ratio r(thre). It then looks up the
threshold-searching table to find the corresponding threshold.
Utilizing these solutions, DeepEdgeFM can adapt to network
conditions, dynamically adjusting the threshold at runtime.

D. System Implementation

1) Edge-Cloud Implementation: We deploy our system on
a desktop server with 8 NVIDIA RTX A6000 GPUs and on
two NVIDIA edge platforms, Jetson Nano and Jetson AGX
Xavier. The network connection and data transmission parts in
DeepEdgeFM are developed via TCP socket API. We use Traffic
Control in Linux to simulate different network conditions and
iPerf tool [70] to measure the network bandwidth at regular
one-second intervals.

2) Foundation Models: We implement DeepEdgeFM on
both encoder-based FMs and MLLMs. For encoder-based FMs,
we utilize CLIP [28], ImageBind [11], and LanguageBind [29],
which are among the most widely used multi-modal FMs.
Specifically, we employ CLIP-L/14, the highest-performing
model in the CLIP series. For MLLMs, we use LLaVA [30]
and Qwen-VL [31] for evaluation. We adopt LLaVA-1.6-34b,
the latest version in the LLaVA series. Additionally, since most
FMs only support image and audio modalities, we leverage
LanguageBind [29] to evaluate DeepEdgeFM’s performance on
depth and thermal modalities.

3) Prompt Setting: For CLIP, we utilize the text prompt tem-
plate in [28]. For LanguageBind and ImageBind, we use the class
names directly as the text prompt. For MLLMs, the prompt is
set as: “Select the most likely category from the {Category List}
that accurately describes the input data,” enabling the MLLMs
to perform the evaluation task.

4) Baseline Approaches: We compare DeepEdgeFM with
two types of baselines, including the efficient on-device infer-
ence baselines and open-set recognition baselines.

Efficient On-device Inference Baselines: We implement sev-
eral representative efficient on-device inference approaches on
FMs to ensure a fair evaluation.

® PersEPhonEE [71], whichis an edge-only NN acceleration

approach based on early exit. we implement PersEPhonEE
on the two FMs. There are two ways to implement the
early-exit heads for encoder-based FMs, including a fully
connected classifier and cosine distance classifier [72],
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TABLE III
DETAILS OF DATASETS AND FMS USED IN EVALUATION. @, ©, © ®, AND ©
DENOTE IMAGEBIND, CLIP, LLAVA, QWEN-VL, AND LANGUAGEBIND,
RESPECTIVELY.

Dataset | Recognition Task | Modality | Samples | Classes | FMs
UCF101 Human Activity RGB 11,331 101 0080
FLO102 Flower RGB 8,189 102 (1121314
Self-Col Indoor Scene RGB 18,295 40 0060
Self-ColV2 Outdoor Scene RGB 1,771 20 o
ESC50 Env. Sound Audio 2,000 50 o
NYU-D Indoor Scene Depth 1,449 10 (5]
FLIR V2 Outdoor Object Infrared 16,696 12 (5]

where the latter one is adopted as it performs better in
experiments.

e SPINN [25], which is an edge-cloud collaboration ap-
proach integrating model splitting and early-exit tech-
niques. We also adopt cosine distance classifier as the
early-exit head.

® Cloud-centric, which is the most widely adopted solution
for FM inference [19]. We deploy FMs on the server and
offload all the samples to the server for inference.

We re-implemented PersEPhonEE and SPINN on the
encoder-based FMs, CLIP and ImageBind. For MLLMs, we
used a cloud-centric approach as the baseline.

Open-set Recognition Baselines: We also compare the per-
formance of DeepEdgeFM with open-set recognition baselines.

o Semantic-based Approaches: DUS-VAE [37], ER-ZSAR
[38], and VGGishZSL [73] are classic semantic-based
baselines designed for HAR, audio recognition, and image
recognition, respectively. They map the embeddings of
sensor data to classes’ text embeddings generated from
Word2Vec [74] and BERT [75], thus achieving open-set
recognition.

® GAN-based approaches: TF-VAEGAN [40] is a GAN-
based open-set recognition approach, which uses a seman-
tic decoder to synthesize features for unseen classes. As
current GAN-based approaches mainly focus on vision
tasks, they are not used for comparisons on tasks in other
modalities.

VI. EVALUATION
A. Applications and Datasets

We evaluate DeepEdgeFM on five public datasets and a self-
collected dataset with five FMs. Table III shows the details of
the datasets and their corresponding FMs used for evaluation.

e [CFI101 [66]. This is a public video-based human activity
recognition dataset. Following [28], we extract the middle
frame of each activity video as input samples. It contains
11,331 images from 101 human activity categories. We use
the same train-test split as in [28] for a fair evaluation.

e FLOI102 [54]. This is a public dataset that contains 8,189
images from 102 different categories of flowers. We use
the same train-test split as in [28] for a fair evaluation.

e ESC50 [76]. This is a public audio dataset that contains
2,000 audio clips from 50 classes of environmental sound.
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Each audio clip is a 5-sec recording sampled at 44.1 kHz.
We use the same train-test split as [73] for a fair evaluation.

e NYU-D|[77]. Thisis apublic indoor scene dataset with 1449
depth maps. It contains 10 categories of indoor scenes, such
as bedrooms and offices. Following LanguageBind [29],
we use 654 test samples in our experiments.

e FLIR V2 [78]. This is a public infrared dataset that con-
tains outdoor objects such as signs and bikes. Following
LanguageBind [29], we use 16,696 thermal images across
12 categories for evaluation.

e [Indoor Self-collected Dataset (Self-Col): We collect a real-
world indoor scene dataset, where objects in the environ-
ment are allowed to be added dynamically. As shown in
Fig. 12(a), a robot equipped with a camera and edge plat-
form moves randomly in the environment and takes RGB
images continuously. We collect 18,295 RGB images in
40 classes. During the data collection, we place half of the
classes first and place the other later. Current indoor scene
datasets like SUN RGB-D [79] do not consider the scenario
where users dynamically add objects into the environment,
which is the main purpose of our self-collected dataset.

10749
3 Cloud 2 Edge % FMAcc -+ DeepEdgeFM Acc
£ 100 e L T e = = 80
~ ‘- X
E 50 / 1 40 5
s 25 i 209
a 1 <
0 A1
Qo0 700 500 %QO 600 400 700 500 %00 AN
e A S S A

Number of Unlabeled Data
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® Qutdoor Self-collected Dataset (Self-Col-V2): We also col-
lected a real-world dataset in outdoor environments. A par-
ticipant carried a smartphone during daily commuting and
continuously captured environmental images. Fig. 12(b)
shows the movement trajectory during commuting, cov-
ering various locations such as the dormitory, street, bus,
supermarket, cafeteria, subway station, and office. The ses-
sion lasted 28.3 minutes and produced a real-world dataset
with 1,771 samples. Each frame was manually annotated
into one of 20 scene categories following definitions in the
Places365 dataset [80]. These categories include bus stops,
supermarket interiors, and other common scenes.

B. End-to-End Evaluation

We first conduct end-to-end evaluations on two applications to
validate the effectiveness of DeepEdgeFM in real-world scenar-
ios. Fig. 12 illustrates the experimental setup, which includes a
robot cruising through an indoor environment and a user carrying
a smartphone for semantic sensing.

1) Indoor Environments: We first evaluate the performance
of DeepEdgeFM in indoor environments. As shown in the upper
part of Fig. 13, when the robot moves to different areas, the
network bandwidth varies significantly, ranging from 2 Mbps to
123 Mbps. We set the mode to latency-prioritized and configure
the latency constraint to 30 ms in the experiments, which sat-
isfies most applications. The bottom part of Fig. 13 shows the
threshold in DeepEdgeFM and the end-to-end inference latency.
DeepEdgeFM sets a higher threshold at high network speeds to
process more sensor data in the cloud (e.g., ¢ € [100 s, 300 s]),
while it lowers the threshold at low network speeds to process
more data locally (e.g., t € [20 s, 50 s]). The results show that
DeepEdgeFM can dynamically adjust its threshold for model
switching, validating its effectiveness in adapting to varying
network bandwidths.

We also evaluate the adaptability of DeepEdgeFM to envi-
ronmental changes, including both the distribution and class
changes in the sensor data. The objects from the first and second
halves of the classes are sequentially placed into the environ-
ment. DeepEdgeFM operates in a completely unsupervised man-
ner within this environment. Fig. 14 shows the processing ratio of
sensor data on both the edge and cloud sides in DeepEdgeFM,
as well as the overall accuracy. We also present the accuracy
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of the original FM as the upper performance bound. Fig. 14
shows that the edge-side processing ratio continuously increases
as the amount of collected unlabeled sensor data grows, with
negligible reduction in overall accuracy. At the gray dashed
line, where the environment changes, DeepEdgeFM adaptively
reduces the edge-side processing ratio from 84.4% to 40.2%
to maintain overall accuracy. Overall, the results show that
DeepEdgeFM can adapt to environmental changes at runtime
by dynamically adjusting the edge-cloud processing ratio of the
sensor data, ensuring that overall accuracy remains close to the
original FM while significantly reducing system overhead.

2) Outdoor Environments: Next, we evaluate the perfor-
mance of DeepEdgeFM in outdoor environments. Fig. 15 shows
the real-world network bandwidth during the data collection
session, where the smartphone was connected to the server
via a 4G LTE network. Fig. 15 also shows DeepEdgeFM’s
end-to-end latency, the corresponding threshold variation over
time, and whether each frame was processed on the edge or in the
cloud. Results show that DeepEdgeFM processes most samples
locally to provide fast responses, and only offloads samples
to the cloud when they exceed the edge model’s capability or
when network bandwidth is sufficiently high. Fig. 16 shows
the overall accuracy of DeepEdgeFM on the real-world dataset
and the edge—cloud processing rates. The results indicate that
DeepEdgeFM achieves accuracy comparable to the original FM
while significantly reducing cloud queries. Specifically, up to

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 25, NO. 7, JULY 2026

B Cloud Time
777 Network Time

SN Edge Time
i~ Accuracy

B Cloud Time
777 Network Time

X Edge Time
~~ Accuracy

W S 7200 : q
3% m—w—S w758 2l le o B L 15sE
VZOO a =150 17 >
g 508 100 7 50 @
100 253 2 507 7 7253
© / 9 © % 74 [v]
] 0 7 Ry 0 < - Y < <
] (\C ] (\C
oUW ‘\o“(" o 00 W oo

ee=” o

(b) ImageBind, Self-Col.

B Cloud Time
777 Network Time

pes® (,\0°
(a) ImageBind, FLO102.

B Cloud Time
777 Network Time

S Edge Time
=~ Accuracy

SN Edge Time
i~ Accuracy

n T . @ L X w200/ o X0 | )&L — S
gloo 7 )l 1 75\; S 150 75\;
g 7 21%° g Z100 50 g
S 50 7 Z 5 ¢ =
2 ;gé (/ / 25 g £ 50 / 25 S
3 o 0 < 3 X 0 <
09 o o ou® o o(\"& o
eef® g\0° et c,\°°

(¢c) CLIP, FLO102. (d) CLIP, Self-Col.

Fig. 17. Comparison of accuracy and inference latency.

TABLE IV
THE REDUCED END-TO-END LATENCY COMPARED WITH THE BEST BASELINES
ON TwoO EDGE PLATFORMS. N.A. MEANS NOT APPLICABLE SINCE CLIP
SUPPORTS VISION DATA ONLY.

FM | Device | FLO102 | UCFI01 | Self-Col | ESC50
ImaceBind Xavier 1.7x 2.6x 1.7x 1.7x
MAEBINE 1 Nano 1.8x 2.4x 1.8x 1.3x

Xavier 2.1x 2.2x 2.4x N.A.

CLIP ‘ Nano 2.5x ’ 1.3x ‘ 3.2x ‘ N.A.

84.4% of sensor data can be processed locally with negligible
accuracy degradation.

C. Overall Performance of DeepEdgeFM

1) Comparison With Baselines of Efficient On-Device Infer-
ence: We first compare the performance of DeepEdgeFM with
efficient NN inference baselines. The network bandwidth in the
experiments is set to 55 Mbps, and this value is used throughout
the paper unless otherwise specified. Fig. 17 and Table IV show
that DeepEdgeFM achieves an end-to-end latency reduction of
up to 1.3x ~ 2.6x for ImageBind and 1.3x ~ 3.2x for CLIP.
Additionally, DeepEdgeFM achieves higher inference speedup
compared to PersEPhonEE and SPINN. This is because these
two approaches require additional early-exit layers, which incur
significant computational overhead in the context of FMs due to
their high-dimensional embeddings and deep layers. Although
SPINN partitions the inference between the edge and the cloud,
offloading embeddings of FMs diminishes the benefits, as the
embedding sizes are even larger than the raw sensor data. For
example, the embedding of ImageBind is 257 x1x 1280, while
the raw image is 3 x224x224.

2) Impact of Network Bandwidth: Next, we evaluate the
performance of DeepEdgeFM under various network condi-
tions. We conduct experiments with bandwidths of 6 Mbps,
29 Mbps, and 55 Mbps, respectively. As illustrated in Fig. 18,
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Fig. 18. Impact of network bandwidth on DeepEdgeFM.

TABLE V
THE REDUCED END-TO-END LATENCY OF DEEPEDGEFM COMPARED TO
CLOUD-CENTRIC METHODS WHEN APPLIED TO MLLMS

FM | Bandwidth | FLO102 | UCF101 | Self-Col | Avg.

) 50 Mbps 1.91x 1.30x 4.45x 2.55x
LLaVA-1.6 ’ 10 Mbps ‘ 2.06x ’ 1.33x ‘ 6.13x ‘ 317
50 Mbps | 147x | 138x | 337x | 2.07x

Qwen-VL ‘ 10 Mbps ‘ 1.80x ‘ 1.44x ‘ 4.53x ‘2.59)&

DeepEdgeFM can achieve up to 3.5x and 3.7x end-to-end
inference speedups on ImageBind compared to cloud-centric
and SPINN approaches under 6 Mbps bandwidth. At higher
network bandwidths, this gap narrows, with DeepEdgeFM still
achieving up to 1.7x and 2.4x speedups compared to cloud-
centric and SPINN under 55 Mbps bandwidth. Results show that
DeepEdgeFM consistently achieves higher inference speedups
under various network conditions, particularly under low band-
width.

3) Performance on MLLMs: We further evaluate the perfor-
mance of DeepEdgeFM on MLLMs. We use LLaVA-1.6-34b
and Qwen-VL as the MLLMs for experiments. Since these
MLLMs only support RGB modalities, the UCF101, FLO102,
and Self-Col datasets are used for evaluation. We compare
the end-to-end latency of DeepEdgeFM compared to cloud-
centric solutions at different network bandwidths. The edge
model in DeepEdgeFM was trained with 800 samples for each
dataset. Table V shows that DeepEdgeFM can achieve average
end-to-end latency reductions of up to 2.55x and 3.17x com-
pared to the cloud-centric approach at network bandwidths of
50 Mbps and 10 Mbps, respectively, validating the effectiveness
of DeepEdgeFM for MLLMs.

4) Comparison With Open-Set Recognition Approaches on
the Edge: We also compare the open-set recognition capa-
bility of DeepEdgeFM with existing baselines. As illustrated
in Table VI, DeepEdgeFM achieves accuracy gains of 20.8%
and 21.7% over the top-performing baselines on the FLO102
and UCF101 datasets, respectively. Additionally, for the audio
modality, DeepEdgeFM achieves a 34.3% improvement in ac-
curacy compared to the best baseline. This is because these ap-
proaches lack generalizability due to their limited training data.
Furthermore, DeepEdgeFM adopts edge-cloud collaborative in-
ference strategy, significantly improving open-set recognition
accuracy while maintaining comparable or even faster inference
latency.

10751

TABLE VI
OVERALL ACCURACY(%) AND LATENCY OF DEEPEDGEFM COMPARED WITH
OTHER OPEN-SET RECOGNITION APPROACHES

Dataset | Approach | Acc | Xavier | Nano
TF-VAEGAN [40] | 62.5% | 542 ms | 108.1 ms
FLO102 DUS-VAE [37] 62.1% | 577 ms | 110.1 ms
DeepEdgeFM 83.3% | 44.6 ms 62.2 ms
TF-VAEGAN [40] | 41.0% | 539 ms | 107.1 ms
UCF101 ER-ZSAR [38] 51.8% | 879 ms | 424.8 ms
DeepEdgeFM 73.5% | 42.7 ms 54.0 ms
ESC50 VGGishZSL [73] | 33.0% | 422 ms | 217.2 ms
DeepEdgeFM 67.3% 551 ms | 67.5 ms
= X1 Time —#— Accuracy = = Time Accuracy
E16 - g Eg ——8 758
o T e =
______ g P >
'g i 60 @ E 6 Eq j 60 §
g 8f E%[;g 4558’4mm 2
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(a) UCF101 dataset. (b) FLO102 dataset.
Fig. 19. Performance of customized edge models using spatiotemporal-aware

semantic customization and baseline approaches. UB means the upper bound of
accuracy.
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(a) FLO102 dataset. (b) UCF101 dataset.

Fig.20.  Overall accuracy of edge—cloud inference with spatiotemporal-aware
semantic customization and baselines.

D. Understanding DeepEdgeFM’s Performance

1) Effectiveness of Spatiotemporal-Aware Semantic Cus-
tomization: We test the accuracy of the customized edge model
and customization time in the stream setting. Specifically, we
split the dataset into two subsets according to the classes. Using
the first subset, we first obtain the historical small model and the
data buffer. Subsequently, we evaluate our streaming semantic
customization approach on the second subset. We use fine-tuning
(FT) [60], LWF [61], and ER [62] as baselines, where LwF and
ER are representative approaches of regularization-based and
replay-based methods in the lifelong learning domain, respec-
tively. We also show the performance of using all the history
data for customization, which can be seen as the upper bound
(UB) [60] of accuracy.

Fig. 19 shows that our approach achieves up to 18.6%,
8.4%, and 6.1% accuracy gain compared with FT, LwF, and
ER, respectively. In addition, compared with UB, our approach
can reduce customization time by up to 1.6x with only 1.1%
accuracy decrease. Fig. 20 shows that spatiotemporal-aware
semantic customization can also improve the overall accuracy
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Fig. 23.  Accuracy-latency trade-off caused by the confidence threshold.

of edge-cloud collaboration by up to 5.4% compared with the
baselines, validating its effectiveness. Fig. 22 shows that more
unlabeled data strengthens the customized edge model, enabling
more data to be processed on-device.

2) Impact of Hyperparameters: We further study the impact
of different hyperparameters in DeepEdgeFM. We first study
the impact of weight A in the semantic-aware distillation loss.
Fig. 24 shows the experimental results on two datasets, UCF101
and FLO102. We trained the customized edge models using A
from 0.1 to 0.9. Results show that setting A = 0.5 achieves the
highest accuracy. Therefore, we set the hyperparameter A = 0.5
in this work. In addition, we evaluate the hyperparameters in
temporal consistency guidance, including the loss weight «
and k. Fig. 25 shows that « = 0.01 achieves the best accu-
racy, while Fig. 26 indicates that &£ = 50 provides the optimal
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accuracy—latency trade-off. Therefore, we set o = 0.01 and
k = 50 in this study.

3) Effectiveness of Confidence Calibration: Next, we eval-
uate the effectiveness of confidence calibration. We conduct
experiments on the UCF101 and FLO102 datasets and use
ImageBind as FM. Fig. 21 demonstrates that the relationship
between accuracy and confidence score more closely aligns with
the ideal curve after calibration. The accuracy of the calibrated
small model is 22.1% higher than that of the uncalibrated
small model when the confidence score is 0.75. This accuracy
gap can increase to 38.0% when the confidence score is 0.95.
Results highlight the effectiveness of confidence calibration in
DeepEdgeFM.

4) Effectiveness of Spatial-Aware Model Initialization: We
further validate the effectiveness of the spatial-aware model
initialization strategy in DeepEdgeFM. Specifically, we com-
pare with multiple model matching baselines, including random
model selection, training from scratch, and two methods that
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select models using low-level image features [81], pixel similar-
ity, and area similarity, denoted as Pixel and Area, respectively.
We evaluate performance on both the FLO102 and UCF101
datasets. Fig. 27 illustrates the performance of the customized
edge model using different initialization approaches during the
training process. The results show that our approach significantly
accelerates training and achieves up to 6.4% higher accuracy,
thereby expediting customization and improving overall system
efficiency.

5) Effectiveness of Semantic-Driven Customization: Finally,
we evaluate the effectiveness of semantic-driven distillation for
edge model customization. We compare our approach with two
baselines: vanilla KD and fine-tuning (FT). Vanilla KD [82]
utilizes the KL divergence to align the sensor data embeddings
from the FM and the small model. FT uses hard pseudo labels
from the FM for customization. Fig. 28 demonstrates that our
semantic-driven customization (SDC) consistently outperforms
the two baselines across different numbers of unlabeled data.
This is because hard pseudo labels lack semantic relevance
among classes [39], while vanilla KD fails to leverage the knowl-
edge within text embeddings, resulting in inferior performance
compared to our approach.

6) Ablation Study: We also conduct an ablation study to
evaluate the effectiveness of the components in DeepEdgeFM.
We show the testing results on the FLO102 dataset, since the
results on the other datasets are similar. Fig. 30 shows the overall
edge-cloud inference accuracy and the ratio of cloud queries
when different components of DeepEdgeFM are removed.
We evaluate semantic-driven customization (SE), spatial-aware
model initialization (SP), temporal consistency guidance (TE),
confidence calibration (CA), and architecture selection (AR).
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Results show that each component contributes substantial accu-
racy gains. We also observe that removing CA leads to severe
overconfidence. Although only 11.3% of samples are processed
locally, this results in a notable accuracy drop of 11.1%. These
results further validate the effectiveness of the different compo-
nents in DeepEdgeFM’s design.

7) Trade-Off Between Accuracy and Latency: Fig. 23 il-
lustrates the trade-off between accuracy and latency in
DeepEdgeFM caused by the threshold. A lower threshold allows
more data to be processed locally, speeding up end-to-end infer-
ence but potentially causing accuracy degradation. Conversely,
a higher threshold can improve accuracy but requires more
data to be offloaded to the cloud, which may not meet latency
constraints in poor network conditions. DeepEdgeFM employs
a dynamic network adaptation strategy to adjust the threshold.
See Section VI-B1 for details.
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Fig. 32.  Performance of DeepEdgeFM under unlabeled and labeled sensor
data scenarios. The x-axis represents different amounts of sensor data, ranging
from 100 to 800 samples. Zero-shot denotes using unlabeled sensor data.

E. System Scalability

This section evaluates the scalability of DeepEdgeFM across
additional sensor modalities, FMs, and parameter-efficient fine-
tuning (PEFT) approaches in supervised settings.

1) Scalability to Other Modalities and FMs: We then evalu-
ate the performance of DeepEdgeFM on other modalities using
the latest multi-modal FM, LanguageBind. We test the per-
formance on the depth and infrared modalities (i.e., NYU-D
and FLIRv2 datasets). Fig. 29 and Fig. 31 show the accu-
racy of DeepEdgeFM’s customized edge models on these two
modalities. We observe that DeepEdgeFM achieves relatively
lower accuracy compared to its performance on RGB and audio
modalities. This is because the underlying FM (i.e., ImageBind)
still exhibits limited performance on these less common sen-
sor modalities, due to the scarcity of training data compared
with RGB and audio modalities. Fig. 29 shows the end-to-end
latency of DeepEdgeFM on these two datasets under differ-
ent network conditions. Under a 6 Mbps network condition,
DeepEdgeFM reduces inference latency by 3.4x and 1.6x on the
FLIR V2 and NYU-D datasets. Results validate the scalability
of DeepEdgeFM to other modalities.

2) Scalability to Supervised Scenarios: Although our system
is designed for unsupervised scenarios that leverage unlabeled
sensor data for continuous edge-model customization, we also
evaluate its scalability to supervised settings where partial data
is annotated. We use two state-of-the-art parameter-efficient
fine-tuning (PEFT) methods for FMs, Tip-Adapter [83] and
CaFo [84], to first fine-tune CLIP with labeled data and then
perform semantic-aware customization. Fig. 32 shows that us-
ing PEFT and labeled data further improves accuracy over
using only unlabeled sensor data, validating the scalability of
DeepEdgeFM to supervised scenarios.

F. System Overhead

We further evaluate DeepEdgeFM’s system metrics. Specifi-
cally, we measured memory and energy usage on edge devices
and FM query ratio and token consumption on the cloud side.
We evaluated the performance on an NVIDIA Jetson Xavier
using the FLO102 dataset, with the edge model customized using
200 unlabeled sensor samples. We compared DeepEdgeFM with
the baseline PersEPhonEE [71], with both approaches using
CLIP-ViT-L/14 as the FM. Fig. 33(a) shows that the edge-side
memory and energy consumption of DeepEdgeFM are 22.4 MB
and 1.4 J, achieving approximately 40x and 17x reductions,

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 25, NO. 7, JULY 2026

ZZ1 PersEPhonEE 7XJ DeepEdgeFM‘ ZA Cloud-only DeepEdgeFM

7
2
I

(b) Token usage and cloud queries.

1000
800

Sl

(a) Energy and memory usage.

~
a
o
N
=]

-
o ® 9
o o o

._.
o
Tokens

Memory (MB)
NoQ
w o
o o
Energy (J)

Query Ratio (%)

o
INIEN
o o o

Fig. 33.  Performance of DeepEdgeFM across system metrics.

respectively, compared to the baseline PersEPhonEE [71], which
deploys the FM on the edge. Additionally, Fig. 33(b) shows that
DeepEdgeFM can reduce the token consumption and cloud-side
query ratio by 1.67x and 1.49x, respectively. Results validate the
practicality of DeepEdgeFM in real-world use.

VII. DISCUSSION

Scalability to Complex Tasks: This study focuses on open-set
recognition in embedded systems, where DeepEdgeFM main-
tains a customized small model for classification at the edge.
With the increasing computational power of edge devices,
smaller models such as 1B and 3B scale LLMs and MLLMs can
now be deployed on these devices, enabling them to handle more
complex tasks. Future work could further explore collaborative
systems between LLMs and small language models for open-
ended tasks like visual question answering and tool calling [85],
[86], [87].

Scalability to Other Customization Strategies: We employ
semantic-driven knowledge distillation to customize the edge
models from FMs continuously in DeepEdgeFM. Other ap-
proaches like quantization [41] and MoE [50] can also be used
to customize the small model. Further, DeepEdgeFM requires
the cloud server to continuously deliver the updated edge model
to the edge device. Existing techniques for partial model up-
dating [88] can also be integrated into DeepEdgeFM to further
reduce system communication overhead.

Optimal Edge Model Architecture: DeepEdgeFM maintains
an architecture zoo for edge models, featuring a variety of classic
model architectures. Although the zoo includes architectures
searched by Neural Architecture Search techniques [89], they
may not be the optimal student model architecture for the given
FM. Future work could explore simultaneously customizing the
model weights and the architecture for edge models during the
customization process from the FM.

Customization with Labeled Sensor Data: DeepEdgeFM fo-
cuses on the unlabeled data scenario, which is considered a
more challenging and practical setting for IoT applications. For
scenarios with labeled or few-shot labeled data, these labeled
data can first be used to train the FMs using a parameter-efficient
fine-tuning (PEFT) approach [90]. The fine-tuned FM can then
serve as a enhanced knowledge base for the edge model to query
and customize, as in DeepEdgeFM.

VIII. CONCLUSION

In this paper, we introduce DeepEdgeFM, an efficient
edge-cloud collaboration system with FMs that enables
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open-set learning for IoT applications. DeepEdgeFM maintains
the FMs on the cloud as a knowledge base and utilizes a
lightweight model on the edge, which continuously customizes
domain-specific knowledge from the FM. Meanwhile,
DeepEdgeFM dynamically switches the model, taking into
account both the uncertainty of sensor data and real-time
network conditions. Comprehensive experiments show that
DeepEdgeFM outperforms baselines with up to 3.2x lower
latency and 34.3% higher accuracy.
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