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AdaModalX: Synchronization-Free MFM Inference
for Distributed Multimodal Mobile Sensing via
Progressive Data Orchestration

Xiangrui Xu"”, Sicong Liu

and Bin Guo

Abstract—Multimodal foundation models (MFMs) support gen-
eralizable inference in distributed mobile sensing applications
by integrating heterogeneous data streams. However, existing
MFM inference pipelines typically require complete and synchro-
nized multimodal inputs, whereas mobile sensing streams arrive
asynchronously due to network variability and heterogeneous data
volumes across modalities. Waiting for all modalities increases
end-to-end latency, while inference with incomplete inputs can
reduce accuracy. We argue that multimodal inference should de-
pend on the utility of available information rather than modality
completeness. Based on this principle, we propose AdaModalX,
a progressive multimodal inference framework that decouples in-
ference execution from modality synchronization through runtime
utility-aware orchestration. At each device, importance-aware data
uploading uses a lightweight probe distilled from the edge-side
MFM to allow reliable samples to exit locally while uncertain
samples continue uploading. At the edge, on-demand MFM activa-
tion constructs candidates from fully received samples and, when
needed, imputed features derived from partially received delayed
inputs. A lightweight contribution assessor built on frozen MFM
encoders estimates candidate utility and activates the MFM once
the candidate meets its corresponding utility threshold. Experi-
ments on four mobile sensing applications show that AdaModalX
improves the accuracy-latency trade-off, achieving up to 26.97%
accuracy improvement and up to 64.75% end-to-end latency re-
duction.

Index Terms—Multimodal foundation models, distributed

mobile sensing, progressive multimodal inference.

1. INTRODUCTION

OBILE applications increasingly rely on distributed
multimodal sensing to support intelligent services and
improve user experience [1], [2], [3], [4]. These systems employ
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Fig. 1. Example distributed mobile sensing applications in smart homes and
intelligent vehicles.

a network of distributed mobile devices, each equipped with
either different or the same sensors, working collaboratively to
gather multimodal data streams. The collected multimodal data
are then transmitted to edge or cloud servers, where advanced
models perform robust, context-rich inference (see Fig. 1). For
example, in smart homes, wearable devices track physiological
signals such as heart rate and skin temperature, while ambient
sensors monitor environmental factors like humidity and air
quality. These data streams are processed at the home gateway
to detect health anomalies, predict stress levels, or provide
personalized wellness insights [5]. Similarly, in autonomous ve-
hicles, cameras offer visual scene interpretation, radar identifies
objects under varying weather conditions, and LiDAR provides
precise spatial mapping. These heterogeneous modalities are
integrated in real time to enable safe navigation and informed
decision-making in complex driving environments [6].

These applications are enabled not only by the widespread
deployment of mobile and embedded sensors and wireless net-
works but also by advances in multimodal models for edge-
side inference. In particular, multimodal deep models [7] ex-
ploit complementary information across heterogeneous sensor
streams to support accurate perception and inference. However,
their performance often degrades sharply when deployment
involves zero-shot or few-shot classes, which commonly occurs
in mobile environments with evolving users, activities, and
contexts. To address these limitations, multimodal foundation
models (MFMs) [8], [9], [10] have gained prominence for their
ability to generalize to zero- or few-shot classes with little
or no fine-tuning [11], [12]. This capability supports emerg-
ing applications across diverse scenarios, including in-vehicle

1536-1233 © 2026 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and similar technologies.

Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.


https://orcid.org/0009-0002-7761-4281
https://orcid.org/0000-0003-4402-1260
https://orcid.org/0000-0002-9905-3238
https://orcid.org/0000-0002-5457-6967
https://orcid.org/0000-0001-6097-2467
mailto:xiangruixu@mail.nwpu.edu.cn
mailto:scliu@nwpu.edu.cn
mailto:guob@nwpu.edu.cn
mailto:zhiwenyu@nwpu.edu.cn
mailto:zimuzhou@cityu.edu.hk

68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124

behavior monitoring (e.g., Intel [13], Tesla [14]), human activity
recognition (e.g., Microsoft [15]), and smart-home agents (e.g.,
Amazon [16], Google Astra [17]).

Although MFMs improve the reliability of multimodal infer-
ence, their performance is often challenged by modality asyn-
chrony, which commonly arises in distributed mobile sensing
systems. In real-world mobile sensing deployments, hetero-
geneous sensors operate at different sampling rates, generate
vastly different data volumes, and experience dynamically vary-
ing wireless transmission conditions. The resulting modality
streams rarely arrive at the edge server simultaneously. Exist-
ing MFMs are largely built upon a synchronization-dependent
execution paradigm, where inference can proceed only after
all modalities become available. Although recent approaches
support flexible modality combinations [18], [19], their infer-
ence pipelines still rely on synchronized modality completeness,
making responsiveness fundamentally constrained by the slow-
est modality stream (see Section II-B). As a result, waiting
for delayed modalities increases inference latency [20], [21],
while performing inference on incomplete modality states often
degrades prediction accuracy due to insufficient cross-modal
information [22], [23]. Existing approaches that reconstruct
delayed modalities through raw-data synthesis [20], [21] further
suffer from error propagation across downstream multimodal
fusion pipelines.

We argue that multimodal inference should not be treated as a
synchronization barrier problem. Instead, it should be viewed as
a progressive inference process that evolves continuously with
modality arrivals. Our key insight is that accurate multimodal
inference does not always require globally synchronized modal-
ity completeness. Different modalities contribute unequally to
inference outcomes, and delayed modalities often provide only
marginal incremental utility beyond the information already
accumulated from currently available streams (see Section II-B).
This observation suggests a fundamentally different execution
paradigm for distributed multimodal systems, i.e., inference
should evolve progressively with information accumulation,
rather than wait for fully synchronized modality arrivals before
execution.

Guided by this principle, we introduce AdaModalX, a pro-
gressive multimodal inference runtime for distributed mobile
sensing systems. Rather than modifying MFM architectures
or retraining large multimodal models into dynamic networks,
which demand extensive data and computational resources to
preserve their accuracy [24], [25], [26], AdaModalX introduces
an orthogonal runtime orchestration layer that enables existing
MFMs [12], [27] to operate efficiently under asynchronous
modality arrivals. Specifically, AdaModalX first constructs a
candidate from all fully received samples and evaluates its
utility. If the candidate does not meet its corresponding utility
threshold, it uses the partially received input from the most
informative incomplete modality to generate an imputed feature
and augment the candidate. It activates MFM inference once the
evaluated candidate meets its corresponding utility threshold,
thereby avoiding unnecessary synchronization delays.

To realize this capability, we re-purpose frozen MFM en-
coders with a shared lightweight assessor to learn modality
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contribution patterns across diverse inputs offline, without al-
tering the original MFM architectures. During online execution,
AdaModalX progressively updates the current modality candi-
date as new modalities arrive and selectively activates MFM
inference according to the estimated candidate utility. To further
reduce end-to-end latency, AdaModalX introduces a hierarchical
inference architecture spanning mobile devices and the edge
server, where lightweight distilled models run locally to process
incoming samples and only uncertain samples are offloaded
for edge-side MFM inference, thereby significantly reducing
wireless transmission overhead and inference latency without
sacrificing accuracy.

We implement AdaModalX and test it across four tasks and
four real-world mobile sensing applications. Extensive experi-
ments on four representative scenarios with two MFM inference
architectures, four datasets, and four types of mobile devices
demonstrate that AdaModalX consistently outperforms exist-
ing synchronous and asynchronous MFM inference methods,
achieving superior performance in both accuracy (e.g., up to
26.97% improvement) and responsiveness (e.g., up to 64.75%
latency reduction). Notably, these gains are observed under
varying modality availability patterns, heterogeneous device
conditions, and asynchronous input arrivals, highlighting the
robustness and adaptability of our approach. By dynamically
adapting the inference process to the currently available inputs,
AdaModalX effectively advances the accuracy—latency trade-off
frontier in MFM inference. Our main contributions are summa-
rized as follows.

e We identify a fundamental mismatch between
synchronization-dependent MFM execution and asynch-
ronous distributed mobile sensing environments, and
introduce progressive multimodal inference as a new
execution paradigm that evolves with modality arrivals.

® We design AdaModalX, a progressive multimodal infer-
ence runtime that decouples MFM execution from glob-
ally synchronized modality completeness. It determines
whether to exit early based on device-side confidence and,
otherwise, when to activate the edge-side MFM according
to candidate utility as modality data progressively arrive.

e Extensive experiments with four tasks across four devices
and dynamic scenarios show that AdaModalX outperforms
existing synchronous/asynchronous methods [18], [20],
[21], [27], [28], [29], [30], [31] in trading off between
inference accuracy and low latency across diverse mobile
tasks, devices, and scenarios.

II. MOTIVATION
A. MFM-Based Distributed Mobile Sensing

Distributed mobile sensing systems have become a core com-
ponent of mobile computing applications, such as smart homes
and autonomous driving systems. In these systems, distributed
devices collaborate to gather multimodal sensory data, which
are uploaded to the edge server for accurate and robust infer-
ence. For example, AliGenie [32] collects audio and vision
from smartphones, cameras, and other devices, while edges
fuse and analyze these multimodal streams using multimodal
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(a) Task-specific models. (b) Task-scalable MFM.

Fig. 2. Comparison of (a) conventional deep models and (b) task-scalable
MFM. The former explicitly selects models based on tasks and input modalities,
whereas the latter automatically adapts to tasks and input modalities using the
same model.

deep models (e.g., AVEL [33]) to support mobile applications
including emotion recognition [34], event detection [33], and
human activity recognition [35], [36].

To scale with the diversity of mobile users and downstream
tasks, multimodal foundation models (MFMs) have gained in-
creasing attention for edge-side inference [11]. Compared to
traditional task-specific deep models, MFMs offer the following
advantages (see Fig. 2).

® Generalization to Diverse Modality Combinations: MEMs
can easily handle diverse input modalities without mod-
ifying model architectures [12], [37]. For example, in
driver behavior recognition, an MFM can integrate RGB,
infrared, and depth inputs and adapt to different modality
combinations through modality projection [8].

o Few-shot Generalization to New Environments: MFMs
excel in few-shot and even zero-shot learning [11], e.g.,
through prompt learning [38]. For instance, our preliminary
experiment on event detection shows that a pre-trained
MFM based on ImageBind [39] can achieve an accuracy
of 70.38%, substantially outperforming task-specific mod-
els [40], which achieve only 19.88% under the 3-shot
per-class setting (see Fig. 3(b)).

B. MFM Inference With Asynchronous Modalities

Challenges: Standard multimodal models typically assume
that data from all modalities are available for accurate infer-
ence [20], [21]. However, this assumption is often violated in
real-world distributed mobile sensing systems. First, devices
often lack synchronization. Second, transmission delays may
vary substantially across modalities because different modal-
ities generate different data volumes. For example, under the
same bandwidth, vision clips often arrive later than audio be-
cause of their larger sizes. Consequently, distributed multimodal
data streams rarely reach the edge server simultaneously. Such
modality asynchrony creates a fundamental trade-off between
waiting for slower modalities, which increases latency [20],
[21], and performing early inference with incomplete modalities,
which can degrade accuracy [22], [23].

To illustrate this challenge, consider human event detection
in a distributed mobile sensing system with audio and vision
inputs, where the vision modality arrives later because of its
larger size (see Fig. 3(a)). The model uses full audio data and

partial vision data for inference. The missing rate denotes the
percentage of vision data not yet arrived when the audio data
has been fully received at the edge server. If we allow the MFM
(ImageBind [12] in our experiment) to perform inference with
partial vision data, the inference latency decreases from 0.486 s
to 0.149 s, yet the accuracy also drops drastically from 83.40%
to 58.59% on the AVE test dataset [33] (see Fig. 3(c)). The
experiment shows that although MFMs can support flexible
modality combinations, their accuracy still degrades with (par-
tially) incomplete modalities caused by asynchronously arriving
data.

Opportunities: Inspired by the conditional computation prin-
ciple for efficient inference [41], [42], we explore the accuracy-
latency trade-off by investigating whether all modalities are
equally important for every sample. Fig. 4(a) zooms into the
accuracy and latency of five classes when performing MFM
inference with either only audio or both audio and vision inputs,
using the same model and test dataset as Fig. 3. We observe
that the accuracy of certain classes remains high even when
using only audio data (e.g., 71.42% with audio only and 68.7%
with both audio and vision for the class of Mandolin). Since
inference for these classes does not wait for vision data, its la-
tency is reduced from 0.454 s to 0.143 s. Fig. 4(b) shows similar
sample-wise results, where we count the number of samples that
can be correctly processed by audio-only or audio-vision fusion.
For example, for the class of Mandolin, 96.33% of samples can
be correctly processed with audio only, while merely 3.67%
need to be processed with audio-vision fusion. The above re-
sults imply the potential to dynamically trigger inference upon
receiving a subset of important multimodal data for different
samples, rather than blindly waiting for all modalities to arrive.
Furthermore, prior work [29] has shown that lightweight on-
device models and hierarchical inference can effectively reduce
system overhead.

Motivated by this opportunity, we theoretically analyze the
optimal execution policy for dynamic MFM inference, as illus-
trated in Fig. 4(c). The analysis shows that compared with exist-
ing methods, progressive multimodal inference can potentially
improve accuracy by 38.72% while reducing latency by 73.70%.
This observation motivates the design of our synchronization-
free MFM inference framework via progressive data orchestra-
tion for efficient multimodal intelligence.

III. SYSTEM OVERVIEW

This section provides an overview of AdaModalX, an orthog-
onal runtime orchestration layer for accurate, low-latency MFM
inference at the edge, over distributed multimodal inputs arriving
asynchronously from mobile devices. For ease of presentation,
we assume that each mobile device only collects, processes,
and sends single-modality data to the edge for MFM inference.
Our solution easily applies to mobile devices with multimodal
Sensors.

Rationales: As in Section II-B, AdaModalX improves the
accuracy-latency trade-off by dynamically triggering MFM in-
ference on a subset of important modalities rather than waiting
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(b) Inference accuracy with different few-shot settings. (c) Inference latency and accuracy with full audio data but partial vision data.
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Fig.5. Overview of AdaModalX for MEM-based distributed sensing systems. Partial inputs are arrived data available for feature extraction; arrival states indicate
per-modality upload progress, not cross-modal data-size correspondence.

for additional delayed modalities. We realize this idea in dis-
tributed mobile sensing systems via the following principles.
e Progressive Multimodal Inference: We learn to assess in-

Workflow: AdaModalX consolidates the above rationales into
a standard multi-device edge architecture. Fig. 5 illustrates the
workflow of AdaModalX, which consists of two modules.

cremental utility for diverse inputs offline by reusing the
frozen MFM encoders and training a shared lightweight as-
sessor. During online inference, we trigger MFM inference
once the available modalities, including arrived samples
and partially received delayed inputs when needed, satisfy
semantic sufficiency.

® Hierarchical Inference: We utilize mobile devices that can

execute lightweight on-device models to perform inference
on local samples first and only upload uncertain cases
to the edge for MFM inference. This further reduces the
overall latency without compromising accuracy.

L4 Importance-aware

Data  Uploading at  Devices
(Section IV). Each mobile device runs a lightweight
confidence estimator distilled from the edge-side MFM
to compute class-wise semantic similarities. AdaModalX
derives upload importance from the top-1 similarity and
the margin between the top-1 and top-2 similarities. Under
the joint confidence rule, samples meeting class-wise
importance thresholds exit locally; otherwise, uploading
continues for edge-side MFM inference.

On-demand MFM Inference Activation at
(Section V). The edge caches multimodal
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Fig.6. Overview of importance-aware data uploading at devices (Section IV).

asynchronously uploaded from mobile devices and
evaluates a candidate formed by fully received modalities
using a lightweight contribution assessor. If the candidate
provides insufficient utility, AdaModalX imputes a feature
from the partially received input of the most informative
incomplete modality and re-evaluates the augmented
candidate. It triggers MFM inference once the candidate
satisfies the activation rules.

Next, we elaborate on the detailed designs of the two modules.

IV. IMPORTANCE-AWARE DATA UPLOADING AT DEVICES

As shown in Fig. 6, this module enables each mobile device
to decide whether to upload a data sample for edge-side MFM
inference using a confidence-based importance metric. It lever-
ages a lightweight confidence estimation model (Section 1V-A)
to obtain sample-wise inference results and confidence locally,
which the data uploading mechanism (Section IV-B) then maps
to upload importance. Samples with high confidence exit early
from the mobile device, whereas only uncertain samples are
uploaded for MFM inference.

A. Data Confidence Estimation

We develop a lightweight probe model that estimates the
inference confidence of each local sample on each device and
uses low-confidence evidence as a proxy for upload importance.
To obtain accurate confidence estimates under device resource
constraints, we distill the probe from the edge-side MFM.

Model Architecture: The confidence estimator consists of
three modules: a modality-specific feature extractor, a feature
projector, and a semantic contrastive classifier.

e The feature extractor uses lightweight modality-specific
backbones for resource-constrained mobile devices, such
as CNN14-based models [43] and CRNN [44] for audio,
and ResNet-18 [45] and MobileNetV3-Small [46], [47] for
vision.

e The feature projector aligns embeddings produced by each
modality-specific device-side estimator with the semantic

space of the edge-side MFM, providing a unified distilla-
tion target across heterogeneous devices and modalities.

e The semantic contrastive classifier computes class-wise
semantic similarities and produces both the local prediction
and its confidence score.

Why Distillation: We train the confidence estimator by distill-
ing knowledge from the edge-side MFM rather than by training
an independent lightweight classifier, for two reasons: First, the
estimator is not a standalone classifier; instead, it estimates each
sample’s upload importance for device-side early-exit control.
Distillation from the edge-side MFM provides an informa-
tive decision boundary, reducing unnecessary uploads while
avoiding unreliable early exits. Second, the edge-side MFM
provides unified supervision across heterogeneous devices and
modalities, whereas each device solves only a simpler local
subproblem using its local inputs. This process transfers shared
semantic knowledge to lightweight models, especially when
local supervision is scarce.

Confidence-guided Prototype Distillation: The lightweight
estimator jointly produces local predictions and confidence
scores to determine whether a sample should exit locally or
be uploaded to the edge-side MFM. Conventional distillation
methods [48], [49] mainly improve prediction accuracy by
transferring logits or feature representations, without explicitly
optimizing the confidence margin that governs upload decisions.
This may lead to unnecessary uploads and unreliable early
exits. To address this issue, we introduce a confidence-guided
prototype distillation 1oss.

e Feature-alignment distillation loss: Let z; and e; denote

the device-side and MFM semantic embeddings of sample
x;, respectively. We define the feature-alignment loss as

1 N
[fFA - N ;Zl ||zz ezH2~ (1)

Minimizing Lga aligns device-side embeddings with the
MFM semantic space, preserving the discriminative struc-
ture of the edge-side MFM.

® Pseudo-text contrastive distillation loss: Using the MFM
embedding, we select the nearest class text prototype as
the pseudo target £; and obtain its confidence ¢;. Building
on CLIP-style bidirectional contrastive learning [39], [50],
we treat (z;,1;) as a positive pair and the remaining mini-
batch pairs as negatives, and weight the two directional
cross-entropy terms by ¢;, normalized by >, ¢;, to reduce
the effect of uncertain pseudo targets:

1 > Gilee (ZiTT/Ta Z)
Lprc = 3 S o

+Ei i lee (L 277, )
Zi qi

where z; denotes the device-side embedding, #; the pseudo-
text target, ¢; the confidence weight, Z and T the sets
of device-side and pseudo-text embeddings, and 7 the
temperature.
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® Class-prototype distillation loss: Inspired by cross-modal
self-distillation [51], we adopt a cosine-similarity triplet
loss to transfer semantic discrimination from text embed-
dings:

Lcpp = max (0, A — sim(z;, ;) + sim(z;,¢;)) ., (3)

where z; denotes the device-side embedding, ¢; and ¢;

denote the positive and negative class text embeddings,

sim(-, -) denotes cosine similarity, and % is the margin.
The overall training objective is

L = Lprc + aLpa + BLcpp, 4)

where a and [ are weighting hyperparameters. We empirically
seta =1, =1, and A = 0.3 on the AVE dataset [33].

Confidence-aware Upload Importance Estimation: Before all
modality data arrive at the edge, each device uses its locally
captured sample to compute class-wise semantic similarities
between the device-side embedding and class prototypes, as de-
fined in (6). These similarities provide local confidence estimates
for upload decisions, rather than class-wise probabilities over
the global multimodal input. Given the confidence estimator, one
can quantify inference confidence using an auxiliary model [52],
[53] or multiple forward/backward passes [54], [55]; however,
these methods introduce non-trivial computation and latency
overhead. For rapid confidence estimation on data streams, we
follow the softmax-based methods [56] to quantify inference
confidence (and thus data importance).

Specifically, we characterize inference confidence using two
complementary metrics: the top-1 similarity score s(w;),
which reflects the absolute confidence of the prediction, and
the margin score Micore (), Which captures relative class sep-
arability. The margin score is defined as

Mscore(xi) = 3(1) (xz) — 5(2) (xi)ﬁ ()
where

sk(z;) = sim(Ey(x;), cx), e € C, (6)

and s(1)(;) and 5(2)(z;) denote the highest and second-highest
similarities among all class prototypes. The margin score cap-
tures relative uncertainty, whereas s(qy(x;) reflects absolute
confidence. Each metric alone is insufficient: the former ignores
overall confidence levels, and the latter overlooks inter-class am-
biguity. Combining them yields a more robust characterization
of upload importance.

B. Data Uploading Mechanism

We therefore design a rule-based decision mechanism that
jointly considers absolute confidence and relative class sepa-
rability and uses class-wise importance thresholds to decide
whether to upload data or exit early.

Joint confidence rules: To make upload decisions robust, we
jointly evaluate absolute confidence and relative class separabil-
ity. Specifically, we define two complementary decision rules:

® High-confidence rule:

sy (@) > T or Myore(a;) > THIgh - (7)
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Fig.7.  Illustration of the confidence-aware uploading mechanism under multi-
device coordination. Each mobile device performs local probe inference in
parallel with data uploading. (a) If the estimated confidence is sufficiently high,
the device triggers early exit and produces a local prediction. (b) If the estimated
confidence is insufficient, the device continues uploading, and the edge-side
MFM completes the inference.

® Pairwise-confidence rule:

pair

say(@i) > it and Moeore (i) > 7007 (8)

gap

The device treats sample x; as locally reliable if either rule is
satisfied:

keep(z;) = I (high-conf V pair-conf). 9)

This hybrid rule improves decision robustness by filtering out
low-confidence predictions and boundary-ambiguous samples,
thereby reducing unnecessary offloading while avoiding unreli-
able early exits.

Class-wise Importance Thresholds: A single global thresh-
old is suboptimal for heterogeneous devices and modalities
because their score distributions can differ substantially. Re-
cent studies [29] set device-level thresholds but overlook intra-
modality variations across semantic classes. Using a validation
set, we perform an accuracy-constrained search over candidate
thresholds derived from sample scores and select the small-
est thresholds that satisfy the target accuracy. We use differ-
ent targets for the two rules: a higher target for the high-
confidence rule to ensure reliability and a lower target for
the pairwise-confidence rule to maintain coverage. To improve
robustness, we incorporate two mechanisms: (i) falling back to
global thresholds when class-wise samples are insufficient and
(ii) disabling local early exit when no feasible threshold satisfies
the target accuracy.

Runtime Data Uploading Decision: At runtime, each mobile
device independently computes sy(x;) and Mcore(;) from
its local input stream. It then applies the calibrated class-wise
thresholds to decide whether to exit early or continue uploading,
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Fig. 8. Overview of on-demand MFM inference activation at the edge.

as illustrated in Fig. 7.

Early exiting, keep(z;) = 1,

decision; = (10)

Edge offloading, otherwise.

e Local early exiting: If the confidence rules are satisfied, the
device treats its prediction as reliable, stops uploading, and
returns the local inference result.

e (Continued uploading: Otherwise, the device continues up-
loading its data stream for edge-side MFM inference.

To minimize latency, we use an opportunistic early-exit strat-
egy: once any device triggers early exit, the system immediately
terminates further uploads and uses that device’s prediction as
the final result. If multiple devices satisfy the early-exit condi-
tion, the system selects the result from the device that exits first.
This design prioritizes low-latency responses while maintaining
reliability through confidence-aware filtering, thereby balancing
accuracy and system responsiveness.

V. ON-DEMAND MFM INFERENCE ACTIVATION AT EDGE

This module runs at the edge and determines when to activate
MFM inference under asynchronous arrivals of multimodal
inputs. Let {x1, 2, . .., 2 } denote offloading samples from K
modalities. To avoid blocking inference until all K modalities
arrive, AdaModalX formulates MEM activation as progressive
data orchestration. Upon the complete arrival of a modality
sample, the edge evaluates the incremental utility of the available
modalities and triggers MFM inference once the utility score
of the current candidate meets its candidate-specific activation
threshold. This design consists of two modules: a modality
contribution assessor (Section V-A) and an inference activation
mechanism (Section V-B)(see Fig. 8).

A. Modality Contribution Assessor

We insert a simple assessor between the encoders and the
fusion network and train it to estimate the incremental utility
of different modality combinations by learning the discrepancy
between a frozen MFM’s predictions and the true labels.

Utility Score Definition: For each modality k, the frozen
MFM encoder extracts its semantic feature f, = Ey(xy). Given
Fs = {fx | k € S}, theassessor predicts a utility score s(Fg) €
[0, 1], which estimates whether the candidate feature set contains
sufficient information for reliable MFM inference. A higher

s(Fs) indicates that the candidate set is more informative for the
current sample. Since modality contribution varies across sam-
ples and modality combinations, AdaModalX retains all fully
received modality features rather than permanently discarding
any modality, while avoiding unnecessary waiting by activating
inference once the current candidate meets its utility threshold.

Model Architecture: Since training a separate model for all
2% — 1 modality subsets is impractical, we introduce a shared
lightweight assessment model to estimate the utility of each
candidate modality set. The frozen MFM encoders map het-
erogeneous modalities into a unified latent space, allowing the
same assessment model to evaluate different modality combina-
tions. We process the candidate feature set F's with an assessor
encoder selected according to the fusion layer of the underlying
MFM. For LLM-based fusion, we use a lightweight Transformer
encoder and take the CLS output as the task-specific semantic
representation: hg = Transg(Fs).... For MLP-based fusion,
we use an MLP encoder: hg = M LPEncy(Fs). The utility
score is then computed as

o hs,Vsat)), MLP-based fusion,
s(Fs) = (90(hs, Vstar)) . (11
a(ge(hs)), LLM-based fusion.

where vy, denotes statistical features used only for MLP-based
fusion, and o(-) maps the output to [0,1].

Offline Training: For offline training, we statistically profile
the modality arrival order and construct candidate inputs accord-
ingly to train the assessor. For each candidate feature set F's, we
derive the supervisory signal yg from the predictions of a frozen
MFM and the ground-truth labels, and train the contribution
assessor by minimizing Lim, = Y. g (5(Fs) — ys)° . We for-
mulate the selection of candidate-specific activation thresholds
as an accuracy-constrained latency minimization problem. Let
Accpy (V) and Latp, (V') denote the validation accuracy and av-
erage latency under the activation rule s(Fs) > V, respectively.
The threshold for F is selected by solving

Vp, = arg Vrg;n Latp, (V), s.t. Accps(V) > Awr,

Fs

where Vp, contains the candidate thresholds derived from
validation-set utility scores, and Ay, is the target accuracy.
We solve this problem by grid search and select the feasible
threshold with the minimum average latency. During inference,
AdaModalX triggers MFM inference once the current candidate
satisfies s(Fg) > Vp,.

For dynamic arrival orders and modality subsets whose
candidate feature sets F's are covered during offline training,
AdaModalX reuses the shared contribution assessor and cor-
responding Vi, without online retraining, reselecting only the
thresholds when deployment conditions change. For an unseen
combination of MFM-supported modalities, it keeps the MFM
frozen, updates only the assessor, and selects the correspond-
ing Vg, on a validation set. An MFM-unsupported modality
additionally requires an encoder or projector to map it into the
MEM semantic space before the assessor is updated and the
corresponding thresholds are selected offline.
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Overview of the MEM inference activation mechanism. Mobile devices 1 to k use a confidence-aware uploading mechanism to continuously upload

multimodal data. Once the audio sample arrives completely (1)), it triggers MFM inference activation ((2)), calculates the modality utility via assessor (3)), uses
partial-modality feature imputation to recover complementary multimodal information ((4)), predicts the imputed feature ((5)), and combines them into a candidate
set to check if the utility meets its candidate-specific activation threshold (()). If the candidate set does not meet the threshold ((7)), AdaModalX waits for the

next data arrival (@); otherwise, it triggers MFM inference ().

B. MFM Inference Activation Mechanism

Instead of relying on complete modality arrival synchro-
nization [28] or strict maximum latency deadlines [18], we
progressively evaluate whether to execute MFM inference or
await further inputs whenever a new modality is fully received.

For ease of presentation, we assume that the samples xy, arrive
at the edge in ascending order; i.e., the complete sample xy, (e.g.,
an audio frame) is received earlier than z; ;1 (e.g., a video clip).
Once xy, fully arrives, AdaModalX updates the current candidate
F. with the features of {xy,...,2x}. If k = K, AdaModalX
directly runs MFM inference. Otherwise, it evaluates Jj, and
triggers inference if it meets its activation rule. If Fj, fails its
threshold, AdaModalX combines the partial feature f;;‘"t of the

most informative incomplete modality with Fj. to impute fp

and evaluates the augmented candidate F;. AdaModalX waits
for the next modality only if the augmented candidate also fails
its threshold.

AdaModalX implements the above decision process with two
optimizations: (i) partial modality feature imputation and (ii) a
selective inference activation process, as explained next.

Fartial Modality Feature Imputation: Rather than relying
only on fully received modality inputs or waiting for the
remaining modality samples to arrive completely, we ex-
ploit partially received modalities via feature-level imputa-
tion. For the most informative incomplete modality z, €
Tk+1,---,Tx, We encode its partially received input into a
feature fb*" and impute the missing task-relevant semantics
conditioned on the available feature set . The resulting aug-
mented candidate fk =F. U fp enables earlier MFM activa-
tion while reducing accuracy degradation due to incomplete
modality arrivals.

Specifically, AdaModalX performs feature imputation in the
shared semantic space of the MFM, rather than reconstructing
the raw missing data [57]. Given the available feature set Fj, =
fi,- .., i and the partial feature f}*" = E,(p"") produced by
the modality encoder, we extract compact cross-modal context

tokens as
@— CtXe(fk U {f]p;art})’

where Cixg(-) is a modality-aware token compressor that
projects heterogeneous modality features into a unified hidden
space and summarizes them through lightweight token mixing
and latent-query cross-attention. Conditioned on the partial fea-
ture f)*" and the compact context C, the model generates a

task-relevant semantic residual:

Afy=Go(fI* Cr), fp = 2"+ Afp. (13)

Here, Gy(-) is implemented as a lightweight cross-attention
imputer followed by an MLP residual head. By adding only
the predicted residual, the imputation preserves the semantic
evidence already contained in the partial feature while recov-
ering complementary information for early MFM activation. In
the offline stage, we freeze the MFM and train the imputation
module using the following objective: £ = Lok + ALreg, Where
Aissetto 0.2, and L, denotes the regularization loss. Here, Liask
is the task-specific loss (e.g., an MLLM uses the causal language
modeling loss).

Selective Inference Activation Process: When xy, is fully
received, the modality samples {z1,...,x;} are complete,
whereas {®41,. .., 2k } remains incomplete (see Fig. 9).

® AdaModalX incrementally encodes the newly arrived sam-
ple z; into f; and updates the cached feature set as
Fr = Fr—1 U{fx}. If k = K, all modality samples have
arrived, and AdaModalX directly performs MFM inference
with F . Otherwise, it first evaluates the candidate formed
by fully received modalities. If this candidate satisfies the
activation rule, i.e., s(Fj) > Vr,, AdaModalX triggers
MFM inference with Fy.

e [f the complete candidate set is insufficient, AdaModalX
selects the most informative incomplete modality x,, from
{Zk+1,..., 2Kk} for imputation rather than simply wait-
ing for the next modality sample to become complete.
AdaModalX encodes the partial modality sample xg‘"t
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into a partial feature f;j“”. The imputation module then
combines f;,’“” with F, to generate an augmented feature

fp. The assessor scores the augmented candidate Fip =
Fi U{fp} to make the next activation decision. If this
candidate satisfies the activation rule, i.e., s(Fy) > Vz ,

AdaModalX triggers MFM inference with F . otherwise,
it waits until the next modality sample from the mobile
client is fully received at the edge.

VI. EXPERIMENT
A. Experiment Setup

Implementation: We implement AdaModalX in Python 3.12.3
and PyTorch 2.5.1 for the server and mobile devices. The edge
server is equipped with an RTX 3090 GPU, Intel(R) Xeon(R)
Gold 6133 CPU @ 2.50 GHz, and 256 GB of RAM. We evaluate
AdaModalX on four mobile devices: Jetson Orin NX (D),
Jetson Orin Nano (D5), Xiaomi 13 Ultra (D3), and Vivo X300
Pro (Dy). To simulate the distributed multimodal asynchronous
arrival problem, we also evaluate the system’s performance
across varying network bandwidths. For importance-aware data
uploading (Section IV), we use a shallow MLP for text and
lightweight CNNs for audio and vision as data-confidence es-
timators. We repeat each experiment five times with different
random seeds and report the mean + standard deviation. For
key comparisons with small performance differences, we ad-
ditionally conduct statistical significance tests, with the results
indicated in the corresponding figures.

Task, Datasets, and Model: We implement two representative
MEFM inference architectures to evaluate system performance:

® MFM-based Inference (M7): This architecture consists of
a multimodal encoder, a projector, a fusion module, and a
contrastive classifier. It maps inputs into a unified space,
fuses them, and matches the fused representation against
class text embeddings for classification. We implement it
using ImageBind [39]. For example, in event detection
tasks, the prompt template is: “Event is C'LS.”

o MLLM Inference (Ms): This architecture uses the complete
MLLM to directly output the final class label texts from
multimodal inputs and task prompts. We implement it using
Qwen3.5-2B [58]. For example, in multimodal sentiment
analysis [34], the prompt is: “You are a multimodal senti-
ment classification expert. Based on the input, classify the
sentiment as positive, neutral, or negative. The sentiment
is ().”

We further evaluate AdaModalX on four representative real-

world distributed multimodal applications:

e Event Detection (T1): Audio-visual event recognition on
the AVE dataset [33], which contains 4,143 videos across
28 event categories; we divide each video into 1-second
clips for recognition.

e Driver Activity Recognition (15): Multimodal driver be-
havior understanding on drive&Act [35], a multi-view,
multi-modal driver activity dataset.

® Human Activity Recognition (15): Human action recogni-
tion on the Kinetics benchmark [59], a large-scale video-
audio dataset for action classification.

® Human Sentiment Analysis (T4): Sentiment classification
on CMU-MOSI [34], which contains aligned text, audio,
and visual modalities.

Baseline: We compare AdaModalX with nine representative
baselines that span both synchronous and asynchronous multi-
modal inference. For fair comparison, we reproduce all baseline
methods in the same evaluation pipeline and evaluate them under
the same settings. The baselines include:

o Synchronous MFM inference: The inference pipeline waits
for all input data to arrive before the server performs MFM
inference on the complete modalities.

® No-adaptation (NA) [39], [58]: The edge server waits for
all modalities to arrive and then runs the MFM inference
using all modalities.

® Modality Gating (MG) [28], [60], [6]]: Tt uses a
lightweight policy network to dynamically select input
modalities for MEM inference, thereby reducing latency
and computational overhead.

® Minimal Modality Inference (Min) [62]: Triggers infer-
ence immediately with the fastest-arriving modality (e.g.,
audio), prioritizing early inference but possibly sacrificing
accuracy.

e Asynchronous MFM inference [21]: The MFM inference
pipeline can perform inference when partial multimodal
data arrive.
® QOriginal Non-Blocking (NB) [21]: Tt directly runs MFM

inference on the currently available partial multimodal
input once one modality fully arrives.

e Standalone (SD) [45]: This runs a lightweight single-
modal model, distilled from the MFM, exclusively on
mobile devices for local inference.

® MOSEL [18]: It dynamically selects a subset of avail-
able modalities for MFM inference to meet latency and
accuracy requirements.

® CGAN-based Modality Imputation (CGAN) [20], [21],
[31], [57]: Tt uses a CGAN to impute slow modality
features, thereby improving inference accuracy.

® Shared Feature (SF) [30]: It uses a specific- and shared-
feature network to reconstruct missing modality features
for asynchronous MFM inference.

o EdgeFM [29]: Tt selectively uploads uncertain samples
to edge-side FM and performs model switching accord-
ing to data uncertainty and network conditions.

B. Performance Comparison

1) System Latency v.s. Accuracy: We evaluate the inference
accuracy and system latency of AdaModalX under different
network conditions across four tasks (77-71%) and two multi-
modal foundation models (M7 [39] and M5 [58]), comparing
it with nine baselines (NA [39], MG [28], Min [62], NB [21],
SD [45], MOSEL [18], CGAN [57], SF [30], and EdgeFM [29]).
First, as in Fig. 10, AdaModalX achieves the best accuracy-
latency trade-off across tasks, models, and network conditions.
Compared with NA [39], it reduces the average latency by
50.89% over the four tasks and two models, with less than 2%
accuracy degradation. Compared with Min [62], it improves the
average accuracy by 21.52%. Second, it achieves the lowest
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Comparison of accuracy v.s. latency between AdaModalX and other baselines on diverse tasks. Translucent markers show the five individual runs, while

opaque markers show their means. The annotations report paired-test p-values for the accuracy comparison between AdaModalX and NA.
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Fig. 11.

system latency while maintaining competitive accuracy. For
example, as shown in Fig. 10(b), on the T5 task under 50 Mbps
network bandwidth, it reduces latency by 52.23%, 48.56%,
30.52%, 43.09%. 31.85%, 32.70%, and 20.15% compared with
NA [39], MG [28],NB [21], MOSEL [18], CGAN [57], SF [30],
and EdgeFM [29], respectively. It also improves accuracy by
16.07% and 18.77% compared with Min [62] and SD [45],
respectively.

Summary: AdaModalX achieves the best accuracy-latency
trade-off in distributed asynchronous multimodal sensing via
importance-aware uploading and on-demand activation.

2) Modality Usage: We evaluate the modality usage of
AdaModalX under different network bandwidths for the event
detection and driver activity recognition tasks, comparing it with
baselines that require data uploading for edge-side inference,
including NA [39], MG [28], Min [62], NB [21], MOSEL [18],
CGAN [57], SF [30], and EdgeFM [29]. First, AdaModalX
achieves the lowest edge-side modality usage among all meth-
ods. As shown in Fig. 11(b), 73.31% of samples are inferred
directly on mobile devices, improving the early-exit ratio by
17.10% compared with EdgeFM [29] by avoiding unnecessary
data uploading. Second, AdaModalX significantly reduces the
usage of slow modalities. Compared with MG [28] and NA [39]
in Fig. 11, it reduces the usage of the slow modality by 53.76%
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(b) Driver activity recognition (7%), M.

Comparison of modality usage rate(%) v.s. accuracy(%) between AdaModalX and other approaches on diverse tasks.

and 71.25%, respectively. Third, it also reduces the usage of
the IR-Color modality combination by 93.11% compared with
NA [39] and reduces the usage of the IR-Partial Color modality
combination by 80.83% compared with NB [21], MOSEL [18],
CGAN [57], and SF [30].

Summary: AdaModalX reduces modality usage and latency
through early exiting at devices and on-demand activation at the
edge while preserving competitive accuracy.

3) Computational Cost: We further evaluate the computa-
tional cost and inference accuracy of AdaModalX using M;
on the event detection (77) and driver activity recognition (7%)
tasks under 10 Mbps and 20 Mbps, comparing it with eight
baselines: NA [39], MG [28], Min [62], NB [21], MOSEL [18],
CGAN [57], SF [30], and EdgeFM [29]. First, AdaModalX
achieves the lowest computational cost while maintaining com-
petitive accuracy across different tasks, as shown in Fig. 12. For
example, in Fig. 12(b), AdaModalX reduces the computational
cost by 71.31%, 67.52%, 71.31%, 71.31%, 71.31%, 42.61%,
71.31% and 36.11% compared with NA [39], MG [28],
NB [21], MOSEL [18], CGAN [57], Min [62], SF [30], and
EdgeFM [29], respectively. It improves accuracy by 2.97%,
16.11%, 18.18%, 6.61%, 7.60%, and 1.48% compared with
MG [28], Min [62], NB [21], MOSEL [18], CGAN [57], and
SF [30], respectively.
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c AdaModalX vs. NA (accuracy): p = 0.005 c AdaModalX vs. SF (accuracy): p < 0.001
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Fig. 12.  Comparison of computational cost between AdaModalX and other
approaches on diverse tasks. The annotations report paired-test p-values for
AdaModalX versus NA in (a) and AdaModalX versus SF in (b).

TABLE I
ABLATION STUDY ON IMPORTANCE-AWARE DATA UPLOADING AT DEVICES
(#D1) AND ON-DEMAND INFERENCE AT EDGE (#D2) ON T AND 7% TASKS
UNDER DIFFERENT BANDWIDTHS

Event detection (7'7 ), 10 Mbps
Accuracy (%) Latency (ms)
89.35 £ 0.00 462 £ 4.05
87.93 + 0.25 258 + 5.94
88.73 £ 0.63 234 + 2.86
88.66 + 0.28 163 £ 3.93

Driver activity r
Accuracy (%)
72.82 £ 0.00
73.44 £ 032
75.25 £ 041
73.99 + 0.27

ion (T5), 20 Mbps
Latency (ms)

383 £ 372

179 + 4.18

247 £ 3.67

107 £+ 3.26

Method

w/o #D1, w/o #D2
w/ #D1, w/o #D2
w/o #D1, w/ #D2
w/ #D1, w/ #D2

Summary: AdaModalX effectively reduces computational
costs while maintaining competitive accuracy via importance-
aware uploading and on-demand inference activation.

4) Bandwidth Sensitivity: We evaluate system latency and
accuracy on the driver activity recognition task (7%) under dif-
ferent network bandwidths (i.e., 10 Mbps, 20 Mbps, 25 Mbps,
and 50 Mbps), as shown in Fig. 13. First, AdaModalX main-
tains competitive accuracy while consistently reducing latency
across different network bandwidths. Compared with NA [39],
AdaModalX reduces latency by 73.16%, 67.10%, 64.13%, and
52.23% under 10 Mbps, 20 Mbps, 25 Mbps, and 50 Mbps,
respectively. Second, AdaModalX shows greater latency advan-
tages as the network bandwidth decreases. For example, when
the bandwidth decreases from 50 Mbps to 10 Mbps, the latency
reduction of AdaModalX over NA [39], Min [62], NB [21],
MOSEL [18], CGAN [57], SF [30], MG [28], and EdgeFM [29]
further increases by 20.93%, 44.75%, 18.16%,21.13%, 17.13%,
16.72%, 21.27%, and 26.33%, respectively.

Summary: AdaModalX maintains competitive accuracy
across bandwidth settings, with larger latency advantages under
bandwidth-constrained networks.

C. Understanding AdaModalX’s Improvement

1) Impact of Design I (Section IV) and Design 2 (Section V):
In Table I, we evaluate the impact of importance-aware data
uploading at devices (#D1) and on-demand MFM inference
activation at the edge (#D2) on the 77 and 7% tasks using
M. First, enabling #D1 alone reduces latency by 48.71% on
average while maintaining competitive accuracy, indicating that
on-device early exit effectively avoids unnecessary data uploads
for both T and T5. Second, enabling #D2 alone reduces latency
by 42.43% on average, suggesting that on-demand MFM in-
ference activation mitigates waiting for slow modalities. Third,
jointly enabling #D1 and #D2 reduces latency by 68.39% on
average while maintaining competitive accuracy, demonstrating

the complementarity of the two designs for distributed multi-
modal mobile sensing.

2) Performance of Importance-Aware Data Uploading At
Devices: We test overall accuracy and offloading rate of
the device-side importance-aware data uploading module
#D1) on the 77 and T» tasks using M; and compare
it with EdgeFM(margin) [29], EdgeFM(max) [63], Soft-
max(margin) [29], Softmax(max) [63], AdaModalX (high), and
AdaModalX (pair). Here, margin uses the gap between the top-1
and top-2 scores as the confidence metric, while max directly
uses the top-1 score. AdaModalX (high) and AdaModalX (pair)
use only the high-confidence rule or the pairwise-confidence
rule. As shown in Fig. 14, #D1 achieves the lowest offloading
rates of 51.44% and 26.68% on T, and T5, respectively, while
maintaining competitive overall accuracy. Specifically, com-
pared with EdgeFM(margin) [29], EdgeFM(max) [63], Soft-
max(margin) [29], Softmax(max) [63], AdaModalX (high), and
AdaModalX (pair), #D1 reduces the offloading rate by 17.10%,
17.01%, 20.21%, 17.64%, 5.99%, and 3.29% on T, respec-
tively.

3) Performance of On-Demand MFM Inference Activation At
Edge: We evaluate the accuracy and latency of the edge-side on-
demand MFM inference activation module (#D2) on 717, T, and
T3 tasks under diverse bandwidths, compared with seven base-
lines (NA [39], Min [62], NB [21], MOSEL [18], CGAN [57],
SF [30], and MG [28]). As shown in Fig. 15, #D2 independently
reduces waiting latency while maintaining competitive accuracy
across tasks and bandwidth settings. Compared with NA [39],
it reduces the average latency by 37.76% over the three tasks,
with competitive accuracy, and it improves the average accuracy
by 20.06% compared with Min [62]. For example, in Fig. 15(b)
for T under 50 Mbps, #D2 reduces latency by 30.36%, 17.02%,
and 25.0% compared with NA [39], MOSEL [18], and MG [28],
respectively.

4) Sensitivity to Slow-Modality Arrival Rates: In Fig. 16, we
evaluate the performance of AdaModalX under different asyn-
chronous settings and compare it with eight baselines (NA [39],
MG [28],Min [62],NB [21], MOSEL [18], CGAN [57], SF[30],
and EdgeFM [29]) on the T} task using M;. We vary the arrival
rate of the slow modality (vision), defined as the proportion of
vision data that has arrived when the audio fully arrives. At
the 50% arrival rate, it reduces latency by 65.9% over NA [39]
while maintaining competitive accuracy, and reduces latency
by 45.3% over the strongest non-NA baseline SF [30]. Second,
AdaModalX remains effective under a lower arrival rate. At the
25% arrival rate, it reduces latency by 63.4% over NA [39] while
maintaining competitive accuracy. These results demonstrate
the robustness of AdaModalX to different degrees of modality
asynchrony.

D. Micro-Benchmarks and Ablation Studies

1) Impact of Different Distillation Loss: We evaluate the
impact of different distillation loss components on the 75 task
by mobile model accuracy, overall accuracy, and offloading
rate. W/ Lprc, W/ Lra, and w/ Lopp achieves the lowest
offloading rate while maintaining competitive accuracy in
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Fig. 13.  Bandwidth sensitivity of AdaModalX on 7% with M7 under 10 Mbps, 20 Mbps, 25 Mbps, and 50 Mbps.
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@ [0 Accuracy  =O-= Avg latency m \/3 [ Accuracy  =O-= Avg latency m
S 9513 50E 951 500 £
%) ) > © A g
> >
© 85 / F375 © © 85 F375 ©
3 \ e B S 35 \ ,ﬂ\ - ) 250 2
75 250 += (o] F =
8 \ ,o-—ﬁ- o ﬁ \’ © 8 \ FO: Y ©
5 65 B S 1252 465 b 125 @
1) ol N O X \ W\ © ~ <C o Vol N \© X4 \\ W © NS <
e W e N Wb ) = W g S0 oY ST 30
\!\O (@) (/pg é'bVX\O \!\O (@) ?pg 6’6\‘\0
(a) Event detection (17), M, arriving rate=25%. (b) Event detection (17), M, arriving rate=50%.
Fig. 16.  Sensitivity to slow-modality arrival rates on 7% with M.
TABLE I TABLE III
ABLATION STUDY ON DIFFERENT DISTILLATION LOSS COMPONENTS IN THE IR OVERALL DEVICE-SIDE EARLY-EXIT OUTCOMES OF AdaModalX ON T} WITH
MODALITY M
. Dist/illazion loss/ - Mg;dse; aicc(.) (5? O;jrg;l icg 52%) Ofﬂ:g:i;gi r;‘f4(%) Overall early-exit | Overall false early-exit | Overall edge rescue
W LT;»TTCC W L::,'w/o LCC : s 63.77 £ 044 7439 £ 037 1487 £ 186 Method rate (%) rate (%) rate (%)
w/ Lprc, Wio Lra, W Lcrp 6323 £ 0.52 7439 £ 041 4451 £ 248 AdaModalX 52.62 4.24 2.69
W Lpro, wl Lra, W Lopp 67.69 £ 0.36 75.70 £ 0.54 3861 £ 1.63

Table II. Compared with the configurations w/ L ppc, W/o L 4,
w/o Lopp; Wl Lpra, Wl Lra, wlo Lopp; and W/ Lpre, wlo
Lra, Wl Lopp, the full configuration (W/ Lpre, w/ L 4, and

w/ Lcpp) reduces the offloading rate by 8.06%, 6.26%, and
5.9%, respectively.

2) Benefits of On-Demand MFM Inference Activation At
Edge: We evaluate the benefits of on-demand MFM inference
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Fig. 18. Reliability of device-side early exit under two confidence scores.

activation at the edge by ablating partial multimodal feature
imputation (I) and selective inference activation (S) on T}
tasks. As in Table IV, compared with w/o I and w/o S, w/ I,
w/o S improves accuracy by 7.58%. Enabling inference acti-
vation yields a larger accuracy gain of 10.30%. The w/ I and
w/ S setting achieves the best accuracy, improving accuracy
by 12.78%.

3) Reliability of Device-Side Early Exit: We evaluate the
reliability of the device-side confidence-aware early-exit rule
on 1 with M. First, as shown in Fig. 17, we evaluate the
trade-off between the false early-exit rate (FEER) and early-
exit coverage, i.e., early-exit rate, by varying each of the four
confidence thresholds in the hybrid rule while fixing the other
three. Across all four threshold sweeps, FEER generally in-
creases with early-exit coverage, while the selected thresholds
achieve a balanced FEER—coverage trade-off. Second, as shown
in Fig. 18, we group test samples into score intervals to assess
the empirical reliability of the two semantic confidence scores.
The early-exited samples achieve comparable or higher on-
device accuracy in most populated score intervals, indicating that
the hybrid rule retains a more reliable subset of device-side pre-
dictions. Third, Table III quantifies the false early-exit outcomes
under the selected threshold setting. AdaModalX early-exits
52.62% of test samples, while only 4.24% of all samples are

with Mj.

false early exits; among all samples, 2.69% correspond to false
early exits that would have been corrected by the edge model if
uploaded. This shows that AdaModalX reduces edge inference
while limiting unrecovered local errors.

4) Performance Under Bandwidth Fluctuations: We eval-
uvate AdaModalX on 7} with M; using a sample-sequence
bandwidth trace that cycles through {2,5,10, 15} Mbps every
20 samples. As shown in Fig. 19, AdaModalX achieves the best
accuracy-latency trade-off. Compared with NA [39], it reduces
the average latency by 67.93% while maintaining competitive
accuracy. At comparable latency to Min [62], it improves ac-
curacy by 17.91%. These results demonstrate the robustness of
AdaModalX to bandwidth fluctuations in modality transmission
delays.

5) Overhead of Proposed Modules: We evaluate the device-
side confidence estimators on two smartphones and two embed-
ded devices. As shown in Table V, the estimators require 0.13—
3.64 GFLOPs and contain 2.19-12.75 M parameters. Across the
four deployments, their mean on-device inference latency ranges
from 7.02 to 63.72 ms, with mean local accuracy of 43.67-
67.26% and mean offloading rates of 49.05-79.49%. Supporting
anew device requires re-distilling its lightweight local estimator
and recalibrating its class-wise upload thresholds. This one-time
offline adaptation uses 38-50 samples per class and takes, on
average, 2.8—11.3 minutes for distillation and 4.65-14.5 seconds
for threshold calibration. Table VI further reports the runtime
overhead of the edge-side modules on 7 with M. The modality
contribution assessor and feature imputation module together
require only 6.38 ms and 0.022 GFLOPs, equivalent to 1.38%
of the full MFM latency and 0.01% of its computational cost, re-
spectively. Since device-side estimation runs concurrently with
data transmission, its latency is not fully added to the end-to-end
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PER-DEVICE PERFORMANCE AND RESOURCE COSTS OF THE DEVICE-SIDE CONFIDENCE ESTIMATORS

Device Task GFLOPs Params. Infer. Latency (ms) Accuracy (%) Offload. Rate (%) Distill. Data Distill. Time (min) Calib. Time (s)
Vivo X300 Pro Ty (Image) 1.82 12.75M 36.10 £+ 2.69 67.26 +£1.01 49.05 +2.07 50-shot, 28 classes 113+ 02 14.5 £+ 0.04
Jetson Orin Nano T3 (RGB vision) 3.64 12.75M 63.72 + 191 43.67 + 1.75 67.27 £ 2.29 38-shot, 15 classes 72 + 0.1 9.32 + 0.26
Jetson Orin NX T5 (IR vision) 3.64 12.75M 60.89 + 1.86 55.71 + 0.64 79.49 + 2.82 38-shot, 15 classes 5.8 + 0.1 8.86 + 0.18
Xiaomi 13 Ultra T3 (IMU) 0.13 2.19M 7.02 £ 0.75 52.02 + 045 7749 £ 0.64 38-shot, 15 classes 28 £ 0.1 4.65 £+ 0.08
TABLE VI TABLE VII
LATENCY AND COMPUTATIONAL COST OF THE EDGE-SIDE MODULES ON T} COMPARISON OF FLOPS ON T3 WITH M1
WITH M
Method NA MG CGAN | EdgeFM | AdaModalX
Module Latency (ms) | GFLOPs GFLOPs | 335.19 | 337.01 | 33521 | 28024 235.26
Modality contribution assessor | 2.59 4 0.05 0.019
Feature imputation module 3.79 £ 0.11 0.003 )
- ONA e Min ONB ® MOSEL <© CGAN A SF A EdgeFM ¥ MG * AdaModalX
Full MEM inference 462 + 4.05 220 1~ 90 —
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Fig. 21. Comparison of accuracy v.s. inference time between AdaModalX

and other baselines in the real-world case study.

latency. Thus, the introduced overhead is negligible relative to
the end-to-end latency reduction achieved by AdaModalX.

E. Real-World Case Study

We develop a distributed sensing system for smart-home hu-
man activity recognition covering 15 daily-life activity classes.
This system aims to enhance user experience through intelligent
services, as shown in Fig. 20. Specifically, the system integrates
a Jetson Orin Nano connected to an RGB Camera (1280x720,
15 FPS), and a Jetson Orin NX connected to an IR Camera
(1280x720, 6 FPS). We evaluate the inference accuracy and
system latency of AdaModalX, comparing it with nine baselines
(NA [39], MG [28], Min [62], NB [21], SD [45], MOSEL [18],
CGAN [57], SF [30], and EdgeFM [29]) under 10 Mbps. First,
as shown in Fig. 21, AdaModalX achieves the best accuracy-
latency trade-off in distributed asynchronous multimodal sens-
ing via importance-aware uploading and on-demand activation.
Compared with NA [39], it reduces the average latency by

Fig. 22.  Comparison of accuracy v.s. latency in the three-modality human
activity recognition case.

52.22% and it improves the average accuracy by 37.12% com-
pared with Min [62]. Second, as shown in Table VII, AdaModalX
achieves the lowest computational cost while maintaining com-
petitive accuracy. It reduces the computational cost by 29.81%,
30.19%,29.82%, and 16.05% compared with NA [39], MG [28],
CGAN [57], and EdgeFM [29], respectively.

We further add a Xiaomi 13 Ultra to provide an IMU stream,
forming a three-device RGB/IR/IMU sensing configuration un-
der 5 Mbps. First, as shown in Fig. 22, AdaModalX achieves
the best accuracy-latency trade-off under the complete three-
modality setting, reducing average latency by 73.97% over
NA [39] and improving accuracy by 37.03% over Min [62].
Second, AdaModalX still achieves the best accuracy-latency
trade-off when sensor failure makes one modality unavailable
and only the remaining two modalities support inference.

VII. RELATED WORK
A. Distributed Multimodal Sensing

Distributed multimodal sensing systems are common in ubiq-
uitous computing, such as autonomous driving [6], action recog-
nition [64], [65], and intelligent healthcare [5]. For example,
VIPS [6] proposes an infrastructure-assisted autonomous driv-
ing framework that fuses in-vehicle sensor data for improved
accuracy. RF-Camera [64] combines video and RFID data to
enhance human gesture recognition. Wavoice [66] integrates
audio and millimeter-wave signals for precise speech recogni-
tion. To enhance accuracy and generalization, researchers are
also exploring how MFM can be integrated into distributed
sensing systems. CAT [65] explores how an MFM describes
audiovisual events in complex environments. Med-MFM [5]
enhances clinical decision-making by improving diagnostic
efficiency. EarthGPT [37] utilizes visual enhancements and
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multi-granularity data for multi-sensor remote sensing. How-
ever, they mainly focus on the development of MFMs for
multimodal data or accurate inference, neglecting the inference
latency caused by asynchronous data. In contrast, AdaModalX
introduces importance-aware data uploading at devices and
on-demand MFM inference activation at servers to overcome
inference blocking from asynchronous data, reducing latency
while maintaining accuracy.

B. Asynchronous Multimodal Inference

Existing approaches improve the efficiency and responsive-
ness of multimodal inference through modality selection, non-
blocking multimodal inference, and collaborative inference.

Modality  Selection: Modality-selection methods
prove inference efficiency through policy networks (e.g.,
AdaMML [28]), modality gating (e.g., SMG [61]), or
latency-constrained selection (e.g., MOSEL [18]). However,
these methods make selection decisions within a request or
segment without considering how modality availability changes
during device—edge transmission. They therefore do not directly
address distributed mobile sensing, where modality data arrive
asynchronously and become available progressively. In contrast,
AdaModalX progressively updates the inference candidate as
modality data arrive.

Non-blocking Multimodal Inference: It avoids waiting for
all modalities by exploiting cross-modal features [25] or im-
puting missing data (e.g., AdaFlow [57], AdaFlowLite [31],
and PATCH [21]). However, these methods mainly focus on
using available inputs or completing unavailable modality data,
without determining when to activate the edge-side MFM ac-
cording to candidate utility as modalities progressively arrive.
AdaModalX activates edge-side MFM inference when the can-
didate formed by fully arrived modalities provides sufficient util-
ity; otherwise, it imputes features from partially received inputs
and re-evaluates the augmented candidate, avoiding unnecessary
imputation and premature inference.

Collaborative Inference: Collaborative-inference methods
coordinate mobile devices and edge servers through model
partitioning [67], data compression [68], or confidence-based
big—small model switching (e.g., big/little [63], AppealNet [56],
and EdgeFM [29]). However, model partitioning tightly couples
device—edge execution and is bandwidth-sensitive, whereas data
compression incurs processing overhead but still requires wait-
ing for delayed modalities before inference. Big—small model
switching relies on device-side confidence estimates; inaccurate
estimates may cause false early exits or unnecessary offloading.
AdaModalX uses joint confidence rules for device-side early exit
and separately determines when to activate the edge-side MFM
according to candidate utility as modality data progressively
arrive.

Overall, AdaModalX coordinates two runtime decisions for
asynchronous multimodal inference: whether to exit early based
on device-side confidence and, otherwise, when to activate the
edge-side MFM according to candidate utility as modality data
progressively arrive.

im-

VIII. CONCLUSION

In this paper, we address the challenge of modality asyn-
chrony in MFM-based distributed multimodal sensing. Unlike
prior methods that require extensive retraining or architectural
modifications, we introduce AdaModalX, a progressive mul-
timodal inference framework that decouples inference execu-
tion from modality synchronization via runtime utility-aware
orchestration. By learning modality utility offline and dynami-
cally triggering inference only when sufficient data is available,
AdaModalX achieves a balance between accuracy and latency.
Additionally, AdaModalX leverages lightweight models on mo-
bile devices to reduce data transmission and processing de-
lays, further improving responsiveness. Evaluations across four
mobile tasks and real-world scenarios on four mobile devices
demonstrate that AdaModalX achieves an accuracy improve-
ment of up to 26.97% and a system latency reduction of up to
64.75%. Our work demonstrates the potential of AdaModalX
in asynchronous distributed environments, although large-scale
evaluations primarily emulate asynchronous modality arrivals
under controlled network conditions. Future work will extend
AdaModalX to more architectures, modalities, and devices and
validate it in larger live deployments under diverse sensing and
network conditions.
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