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Abstract—Multimodal foundation models (MFMs) support gen-6
eralizable inference in distributed mobile sensing applications7
by integrating heterogeneous data streams. However, existing8
MFM inference pipelines typically require complete and synchro-9
nized multimodal inputs, whereas mobile sensing streams arrive10
asynchronously due to network variability and heterogeneous data11
volumes across modalities. Waiting for all modalities increases12
end-to-end latency, while inference with incomplete inputs can13
reduce accuracy. We argue that multimodal inference should de-14
pend on the utility of available information rather than modality15
completeness. Based on this principle, we propose AdaModalX,16
a progressive multimodal inference framework that decouples in-17
ference execution from modality synchronization through runtime18
utility-aware orchestration. At each device, importance-aware data19
uploading uses a lightweight probe distilled from the edge-side20
MFM to allow reliable samples to exit locally while uncertain21
samples continue uploading. At the edge, on-demand MFM activa-22
tion constructs candidates from fully received samples and, when23
needed, imputed features derived from partially received delayed24
inputs. A lightweight contribution assessor built on frozen MFM25
encoders estimates candidate utility and activates the MFM once26
the candidate meets its corresponding utility threshold. Experi-27
ments on four mobile sensing applications show that AdaModalX28
improves the accuracy-latency trade-off, achieving up to 26.97%29
accuracy improvement and up to 64.75% end-to-end latency re-30
duction.31

Index Terms—Multimodal foundation models, distributed32
mobile sensing, progressive multimodal inference.33

I. INTRODUCTION34

MOBILE applications increasingly rely on distributed35

multimodal sensing to support intelligent services and36

improve user experience [1], [2], [3], [4]. These systems employ37
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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 38

either different or the same sensors, working collaboratively to 39

gather multimodal data streams. The collected multimodal data 40

are then transmitted to edge or cloud servers, where advanced 41

models perform robust, context-rich inference (see Fig. 1). For 42

example, in smart homes, wearable devices track physiological 43

signals such as heart rate and skin temperature, while ambient 44

sensors monitor environmental factors like humidity and air 45

quality. These data streams are processed at the home gateway 46

to detect health anomalies, predict stress levels, or provide 47

personalized wellness insights [5]. Similarly, in autonomous ve- 48

hicles, cameras offer visual scene interpretation, radar identifies 49

objects under varying weather conditions, and LiDAR provides 50

precise spatial mapping. These heterogeneous modalities are 51

integrated in real time to enable safe navigation and informed 52

decision-making in complex driving environments [6]. 53

These applications are enabled not only by the widespread 54

deployment of mobile and embedded sensors and wireless net- 55

works but also by advances in multimodal models for edge- 56

side inference. In particular, multimodal deep models [7] ex- 57

ploit complementary information across heterogeneous sensor 58

streams to support accurate perception and inference. However, 59

their performance often degrades sharply when deployment 60

involves zero-shot or few-shot classes, which commonly occurs 61

in mobile environments with evolving users, activities, and 62

contexts. To address these limitations, multimodal foundation 63

models (MFMs) [8], [9], [10] have gained prominence for their 64

ability to generalize to zero- or few-shot classes with little 65

or no fine-tuning [11], [12]. This capability supports emerg- 66

ing applications across diverse scenarios, including in-vehicle 67
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behavior monitoring (e.g., Intel [13], Tesla [14]), human activity68

recognition (e.g., Microsoft [15]), and smart-home agents (e.g.,69

Amazon [16], Google Astra [17]).70

Although MFMs improve the reliability of multimodal infer-71

ence, their performance is often challenged by modality asyn-72

chrony, which commonly arises in distributed mobile sensing73

systems. In real-world mobile sensing deployments, hetero-74

geneous sensors operate at different sampling rates, generate75

vastly different data volumes, and experience dynamically vary-76

ing wireless transmission conditions. The resulting modality77

streams rarely arrive at the edge server simultaneously. Exist-78

ing MFMs are largely built upon a synchronization-dependent79

execution paradigm, where inference can proceed only after80

all modalities become available. Although recent approaches81

support flexible modality combinations [18], [19], their infer-82

ence pipelines still rely on synchronized modality completeness,83

making responsiveness fundamentally constrained by the slow-84

est modality stream (see Section II-B). As a result, waiting85

for delayed modalities increases inference latency [20], [21],86

while performing inference on incomplete modality states often87

degrades prediction accuracy due to insufficient cross-modal88

information [22], [23]. Existing approaches that reconstruct89

delayed modalities through raw-data synthesis [20], [21] further90

suffer from error propagation across downstream multimodal91

fusion pipelines.92

We argue that multimodal inference should not be treated as a93

synchronization barrier problem. Instead, it should be viewed as94

a progressive inference process that evolves continuously with95

modality arrivals. Our key insight is that accurate multimodal96

inference does not always require globally synchronized modal-97

ity completeness. Different modalities contribute unequally to98

inference outcomes, and delayed modalities often provide only99

marginal incremental utility beyond the information already100

accumulated from currently available streams (see Section II-B).101

This observation suggests a fundamentally different execution102

paradigm for distributed multimodal systems, i.e., inference103

should evolve progressively with information accumulation,104

rather than wait for fully synchronized modality arrivals before105

execution.106

Guided by this principle, we introduce AdaModalX, a pro-107

gressive multimodal inference runtime for distributed mobile108

sensing systems. Rather than modifying MFM architectures109

or retraining large multimodal models into dynamic networks,110

which demand extensive data and computational resources to111

preserve their accuracy [24], [25], [26], AdaModalX introduces112

an orthogonal runtime orchestration layer that enables existing113

MFMs [12], [27] to operate efficiently under asynchronous114

modality arrivals. Specifically, AdaModalX first constructs a115

candidate from all fully received samples and evaluates its116

utility. If the candidate does not meet its corresponding utility117

threshold, it uses the partially received input from the most118

informative incomplete modality to generate an imputed feature119

and augment the candidate. It activates MFM inference once the120

evaluated candidate meets its corresponding utility threshold,121

thereby avoiding unnecessary synchronization delays.122

To realize this capability, we re-purpose frozen MFM en-123

coders with a shared lightweight assessor to learn modality124

contribution patterns across diverse inputs offline, without al- 125

tering the original MFM architectures. During online execution, 126

AdaModalX progressively updates the current modality candi- 127

date as new modalities arrive and selectively activates MFM 128

inference according to the estimated candidate utility. To further 129

reduce end-to-end latency,AdaModalX introduces a hierarchical 130

inference architecture spanning mobile devices and the edge 131

server, where lightweight distilled models run locally to process 132

incoming samples and only uncertain samples are offloaded 133

for edge-side MFM inference, thereby significantly reducing 134

wireless transmission overhead and inference latency without 135

sacrificing accuracy. 136

We implement AdaModalX and test it across four tasks and 137

four real-world mobile sensing applications. Extensive experi- 138

ments on four representative scenarios with two MFM inference 139

architectures, four datasets, and four types of mobile devices 140

demonstrate that AdaModalX consistently outperforms exist- 141

ing synchronous and asynchronous MFM inference methods, 142

achieving superior performance in both accuracy (e.g., up to 143

26.97% improvement) and responsiveness (e.g., up to 64.75% 144

latency reduction). Notably, these gains are observed under 145

varying modality availability patterns, heterogeneous device 146

conditions, and asynchronous input arrivals, highlighting the 147

robustness and adaptability of our approach. By dynamically 148

adapting the inference process to the currently available inputs, 149

AdaModalX effectively advances the accuracy–latency trade-off 150

frontier in MFM inference. Our main contributions are summa- 151

rized as follows. 152
� We identify a fundamental mismatch between 153

synchronization-dependent MFM execution and asynch- 154

ronous distributed mobile sensing environments, and 155

introduce progressive multimodal inference as a new 156

execution paradigm that evolves with modality arrivals. 157
� We design AdaModalX, a progressive multimodal infer- 158

ence runtime that decouples MFM execution from glob- 159

ally synchronized modality completeness. It determines 160

whether to exit early based on device-side confidence and, 161

otherwise, when to activate the edge-side MFM according 162

to candidate utility as modality data progressively arrive. 163
� Extensive experiments with four tasks across four devices 164

and dynamic scenarios show thatAdaModalX outperforms 165

existing synchronous/asynchronous methods [18], [20], 166

[21], [27], [28], [29], [30], [31] in trading off between 167

inference accuracy and low latency across diverse mobile 168

tasks, devices, and scenarios. 169

II. MOTIVATION 170

A. MFM-Based Distributed Mobile Sensing 171

Distributed mobile sensing systems have become a core com- 172

ponent of mobile computing applications, such as smart homes 173

and autonomous driving systems. In these systems, distributed 174

devices collaborate to gather multimodal sensory data, which 175

are uploaded to the edge server for accurate and robust infer- 176

ence. For example, AliGenie [32] collects audio and vision 177

from smartphones, cameras, and other devices, while edges 178

fuse and analyze these multimodal streams using multimodal 179
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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 applications180

including emotion recognition [34], event detection [33], and181

human activity recognition [35], [36].182

To scale with the diversity of mobile users and downstream183

tasks, multimodal foundation models (MFMs) have gained in-184

creasing attention for edge-side inference [11]. Compared to185

traditional task-specific deep models, MFMs offer the following186

advantages (see Fig. 2).187
� Generalization to Diverse Modality Combinations: MFMs188

can easily handle diverse input modalities without mod-189

ifying model architectures [12], [37]. For example, in190

driver behavior recognition, an MFM can integrate RGB,191

infrared, and depth inputs and adapt to different modality192

combinations through modality projection [8].193
� Few-shot Generalization to New Environments: MFMs194

excel in few-shot and even zero-shot learning [11], e.g.,195

through prompt learning [38]. For instance, our preliminary196

experiment on event detection shows that a pre-trained197

MFM based on ImageBind [39] can achieve an accuracy198

of 70.38%, substantially outperforming task-specific mod-199

els [40], which achieve only 19.88% under the 3-shot200

per-class setting (see Fig. 3(b)).201

B. MFM Inference With Asynchronous Modalities202

Challenges: Standard multimodal models typically assume203

that data from all modalities are available for accurate infer-204

ence [20], [21]. However, this assumption is often violated in205

real-world distributed mobile sensing systems. First, devices206

often lack synchronization. Second, transmission delays may207

vary substantially across modalities because different modal-208

ities generate different data volumes. For example, under the209

same bandwidth, vision clips often arrive later than audio be-210

cause of their larger sizes. Consequently, distributed multimodal211

data streams rarely reach the edge server simultaneously. Such212

modality asynchrony creates a fundamental trade-off between213

waiting for slower modalities, which increases latency [20],214

[21], and performing early inference with incomplete modalities,215

which can degrade accuracy [22], [23].216

To illustrate this challenge, consider human event detection217

in a distributed mobile sensing system with audio and vision218

inputs, where the vision modality arrives later because of its219

larger size (see Fig. 3(a)). The model uses full audio data and220

partial vision data for inference. The missing rate denotes the 221

percentage of vision data not yet arrived when the audio data 222

has been fully received at the edge server. If we allow the MFM 223

(ImageBind [12] in our experiment) to perform inference with 224

partial vision data, the inference latency decreases from 0.486 s 225

to 0.149 s, yet the accuracy also drops drastically from 83.40% 226

to 58.59% on the AVE test dataset [33] (see Fig. 3(c)). The 227

experiment shows that although MFMs can support flexible 228

modality combinations, their accuracy still degrades with (par- 229

tially) incomplete modalities caused by asynchronously arriving 230

data. 231

Opportunities: Inspired by the conditional computation prin- 232

ciple for efficient inference [41], [42], we explore the accuracy- 233

latency trade-off by investigating whether all modalities are 234

equally important for every sample. Fig. 4(a) zooms into the 235

accuracy and latency of five classes when performing MFM 236

inference with either only audio or both audio and vision inputs, 237

using the same model and test dataset as Fig. 3. We observe 238

that the accuracy of certain classes remains high even when 239

using only audio data (e.g., 71.42% with audio only and 68.7% 240

with both audio and vision for the class of Mandolin). Since 241

inference for these classes does not wait for vision data, its la- 242

tency is reduced from 0.454 s to 0.143 s. Fig. 4(b) shows similar 243

sample-wise results, where we count the number of samples that 244

can be correctly processed by audio-only or audio-vision fusion. 245

For example, for the class of Mandolin, 96.33% of samples can 246

be correctly processed with audio only, while merely 3.67% 247

need to be processed with audio-vision fusion. The above re- 248

sults imply the potential to dynamically trigger inference upon 249

receiving a subset of important multimodal data for different 250

samples, rather than blindly waiting for all modalities to arrive. 251

Furthermore, prior work [29] has shown that lightweight on- 252

device models and hierarchical inference can effectively reduce 253

system overhead. 254

Motivated by this opportunity, we theoretically analyze the 255

optimal execution policy for dynamic MFM inference, as illus- 256

trated in Fig. 4(c). The analysis shows that compared with exist- 257

ing methods, progressive multimodal inference can potentially 258

improve accuracy by 38.72% while reducing latency by 73.70%. 259

This observation motivates the design of our synchronization- 260

free MFM inference framework via progressive data orchestra- 261

tion for efficient multimodal intelligence. 262

III. SYSTEM OVERVIEW 263

This section provides an overview of AdaModalX, an orthog- 264

onal runtime orchestration layer for accurate, low-latency MFM 265

inference at the edge, over distributed multimodal inputs arriving 266

asynchronously from mobile devices. For ease of presentation, 267

we assume that each mobile device only collects, processes, 268

and sends single-modality data to the edge for MFM inference. 269

Our solution easily applies to mobile devices with multimodal 270

sensors. 271

Rationales: As in Section II-B, AdaModalX improves the 272

accuracy-latency trade-off by dynamically triggering MFM in- 273

ference on a subset of important modalities rather than waiting 274
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Fig. 3. Impact of modality asynchrony on MFM inference. (a) Illustration of asynchronous data in an audio-vision-based distributed mobile sensing system.
(b) Inference accuracy with different few-shot settings. (c) Inference latency and accuracy with full audio data but partial vision data.

Fig. 4. Impact of modalities on different samples. (a) Sample-wise inference accuracy and latency with audio-only v.s. both audio and vision inputs.
(b) Distribution of mutually exclusive data samples correctly processed by different modalities. (c) Theoretical upper bound of dynamic multimodal inference,
illustrating the potential accuracy gain and latency reduction over existing methods.

Fig. 5. Overview ofAdaModalX for MFM-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-275

tributed mobile sensing systems via the following principles.276
� Progressive Multimodal Inference: We learn to assess in-277

cremental utility for diverse inputs offline by reusing the278

frozen MFM encoders and training a shared lightweight as-279

sessor. During online inference, we trigger MFM inference280

once the available modalities, including arrived samples281

and partially received delayed inputs when needed, satisfy282

semantic sufficiency.283
� Hierarchical Inference: We utilize mobile devices that can284

execute lightweight on-device models to perform inference285

on local samples first and only upload uncertain cases286

to the edge for MFM inference. This further reduces the287

overall latency without compromising accuracy.288

Workflow: AdaModalX consolidates the above rationales into 289

a standard multi-device edge architecture. Fig. 5 illustrates the 290

workflow of AdaModalX, which consists of two modules. 291
� Importance-aware Data Uploading at Devices 292

(Section IV). Each mobile device runs a lightweight 293

confidence estimator distilled from the edge-side MFM 294

to compute class-wise semantic similarities. AdaModalX 295

derives upload importance from the top-1 similarity and 296

the margin between the top-1 and top-2 similarities. Under 297

the joint confidence rule, samples meeting class-wise 298

importance thresholds exit locally; otherwise, uploading 299

continues for edge-side MFM inference. 300
� On-demand MFM Inference Activation at Edge 301

(Section V). The edge caches multimodal data 302
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Fig. 6. Overview of importance-aware data uploading at devices (Section IV).

asynchronously uploaded from mobile devices and303

evaluates a candidate formed by fully received modalities304

using a lightweight contribution assessor. If the candidate305

provides insufficient utility, AdaModalX imputes a feature306

from the partially received input of the most informative307

incomplete modality and re-evaluates the augmented308

candidate. It triggers MFM inference once the candidate309

satisfies the activation rules.310

Next, we elaborate on the detailed designs of the two modules.311

IV. IMPORTANCE-AWARE DATA UPLOADING AT DEVICES312

As shown in Fig. 6, this module enables each mobile device313

to decide whether to upload a data sample for edge-side MFM314

inference using a confidence-based importance metric. It lever-315

ages a lightweight confidence estimation model (Section IV-A)316

to obtain sample-wise inference results and confidence locally,317

which the data uploading mechanism (Section IV-B) then maps318

to upload importance. Samples with high confidence exit early319

from the mobile device, whereas only uncertain samples are320

uploaded for MFM inference.321

A. Data Confidence Estimation322

We develop a lightweight probe model that estimates the323

inference confidence of each local sample on each device and324

uses low-confidence evidence as a proxy for upload importance.325

To obtain accurate confidence estimates under device resource326

constraints, we distill the probe from the edge-side MFM.327

Model Architecture: The confidence estimator consists of328

three modules: a modality-specific feature extractor, a feature329

projector, and a semantic contrastive classifier.330
� The feature extractor uses lightweight modality-specific331

backbones for resource-constrained mobile devices, such332

as CNN14-based models [43] and CRNN [44] for audio,333

and ResNet-18 [45] and MobileNetV3-Small [46], [47] for334

vision.335
� The feature projector aligns embeddings produced by each336

modality-specific device-side estimator with the semantic337

space of the edge-side MFM, providing a unified distilla- 338

tion target across heterogeneous devices and modalities. 339
� The semantic contrastive classifier computes class-wise 340

semantic similarities and produces both the local prediction 341

and its confidence score. 342

Why Distillation: We train the confidence estimator by distill- 343

ing knowledge from the edge-side MFM rather than by training 344

an independent lightweight classifier, for two reasons: First, the 345

estimator is not a standalone classifier; instead, it estimates each 346

sample’s upload importance for device-side early-exit control. 347

Distillation from the edge-side MFM provides an informa- 348

tive decision boundary, reducing unnecessary uploads while 349

avoiding unreliable early exits. Second, the edge-side MFM 350

provides unified supervision across heterogeneous devices and 351

modalities, whereas each device solves only a simpler local 352

subproblem using its local inputs. This process transfers shared 353

semantic knowledge to lightweight models, especially when 354

local supervision is scarce. 355

Confidence-guided Prototype Distillation: The lightweight 356

estimator jointly produces local predictions and confidence 357

scores to determine whether a sample should exit locally or 358

be uploaded to the edge-side MFM. Conventional distillation 359

methods [48], [49] mainly improve prediction accuracy by 360

transferring logits or feature representations, without explicitly 361

optimizing the confidence margin that governs upload decisions. 362

This may lead to unnecessary uploads and unreliable early 363

exits. To address this issue, we introduce a confidence-guided 364

prototype distillation loss. 365
� Feature-alignment distillation loss: Let zi and ei denote 366

the device-side and MFM semantic embeddings of sample 367

xi, respectively. We define the feature-alignment loss as 368

LFA =
1

N

N∑
i=1

‖zi − ei‖22. (1)

Minimizing LFA aligns device-side embeddings with the 369

MFM semantic space, preserving the discriminative struc- 370

ture of the edge-side MFM. 371
� Pseudo-text contrastive distillation loss: Using the MFM 372

embedding, we select the nearest class text prototype as 373

the pseudo target t̃i and obtain its confidence qi. Building 374

on CLIP-style bidirectional contrastive learning [39], [50], 375

we treat (zi, t̃i) as a positive pair and the remaining mini- 376

batch pairs as negatives, and weight the two directional 377

cross-entropy terms by qi, normalized by
∑

i qi, to reduce 378

the effect of uncertain pseudo targets: 379

LPTC =
1

2

⎛⎝∑
i qi �CE

(
ziT̃

�/τ, i
)

∑
i qi

+

∑
i qi �CE

(
t̃iZ

�/τ, i
)∑

i qi

)
. (2)

where zi denotes the device-side embedding, t̃i the pseudo- 380

text target, qi the confidence weight, Z and T̃ the sets 381

of device-side and pseudo-text embeddings, and τ the 382

temperature. 383

IE
EE P

ro
of



6 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 0, NO. 0, 2026

� Class-prototype distillation loss: Inspired by cross-modal384

self-distillation [51], we adopt a cosine-similarity triplet385

loss to transfer semantic discrimination from text embed-386

dings:387

LCPD = max
(
0, λ − sim(zi, t

+
i ) + sim(zi, t

−
i )
)
, (3)

where zi denotes the device-side embedding, t+i and t−i388

denote the positive and negative class text embeddings,389

sim(·, ·) denotes cosine similarity, and λ is the margin.390

The overall training objective is391

L = LPTC + αLFA + βLCPD, (4)

where α and β are weighting hyperparameters. We empirically392

set α = 1, β = 1, and λ = 0.3 on the AVE dataset [33].393

Confidence-aware Upload Importance Estimation: Before all394

modality data arrive at the edge, each device uses its locally395

captured sample to compute class-wise semantic similarities396

between the device-side embedding and class prototypes, as de-397

fined in (6). These similarities provide local confidence estimates398

for upload decisions, rather than class-wise probabilities over399

the global multimodal input. Given the confidence estimator, one400

can quantify inference confidence using an auxiliary model [52],401

[53] or multiple forward/backward passes [54], [55]; however,402

these methods introduce non-trivial computation and latency403

overhead. For rapid confidence estimation on data streams, we404

follow the softmax-based methods [56] to quantify inference405

confidence (and thus data importance).406

Specifically, we characterize inference confidence using two407

complementary metrics: the top-1 similarity score s(1)(xi),408

which reflects the absolute confidence of the prediction, and409

the margin score Mscore(xi), which captures relative class sep-410

arability. The margin score is defined as411

Mscore(xi) = s(1)(xi)− s(2)(xi), (5)

where412

sk(xi) = sim(Ed(xi), ck), ck ∈ C, (6)

and s(1)(xi) and s(2)(xi) denote the highest and second-highest413

similarities among all class prototypes. The margin score cap-414

tures relative uncertainty, whereas s(1)(xi) reflects absolute415

confidence. Each metric alone is insufficient: the former ignores416

overall confidence levels, and the latter overlooks inter-class am-417

biguity. Combining them yields a more robust characterization418

of upload importance.419

B. Data Uploading Mechanism420

We therefore design a rule-based decision mechanism that421

jointly considers absolute confidence and relative class sepa-422

rability and uses class-wise importance thresholds to decide423

whether to upload data or exit early.424

Joint confidence rules: To make upload decisions robust, we425

jointly evaluate absolute confidence and relative class separabil-426

ity. Specifically, we define two complementary decision rules:427
� High-confidence rule:428

s(1)(xi) > τhightop1 or Mscore(xi) > τhighgap , (7)

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: 429

s(1)(xi) > τpairtop1 and Mscore(xi) > τpairgap . (8)

The device treats sample xi as locally reliable if either rule is 430

satisfied: 431

keep(xi) = I(high-conf ∨ pair-conf). (9)

This hybrid rule improves decision robustness by filtering out 432

low-confidence predictions and boundary-ambiguous samples, 433

thereby reducing unnecessary offloading while avoiding unreli- 434

able early exits. 435

Class-wise Importance Thresholds: A single global thresh- 436

old is suboptimal for heterogeneous devices and modalities 437

because their score distributions can differ substantially. Re- 438

cent studies [29] set device-level thresholds but overlook intra- 439

modality variations across semantic classes. Using a validation 440

set, we perform an accuracy-constrained search over candidate 441

thresholds derived from sample scores and select the small- 442

est thresholds that satisfy the target accuracy. We use differ- 443

ent targets for the two rules: a higher target for the high- 444

confidence rule to ensure reliability and a lower target for 445

the pairwise-confidence rule to maintain coverage. To improve 446

robustness, we incorporate two mechanisms: (i) falling back to 447

global thresholds when class-wise samples are insufficient and 448

(ii) disabling local early exit when no feasible threshold satisfies 449

the target accuracy. 450

Runtime Data Uploading Decision: At runtime, each mobile 451

device independently computes s(1)(xi) and Mscore(xi) from 452

its local input stream. It then applies the calibrated class-wise 453

thresholds to decide whether to exit early or continue uploading, 454
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Fig. 8. Overview of on-demand MFM inference activation at the edge.

as illustrated in Fig. 7.455

decisioni =

{
Early exiting, keep(xi) = 1,

Edge offloading, otherwise.
(10)

� Local early exiting: If the confidence rules are satisfied, the456

device treats its prediction as reliable, stops uploading, and457

returns the local inference result.458
� Continued uploading: Otherwise, the device continues up-459

loading its data stream for edge-side MFM inference.460

To minimize latency, we use an opportunistic early-exit strat-461

egy: once any device triggers early exit, the system immediately462

terminates further uploads and uses that device’s prediction as463

the final result. If multiple devices satisfy the early-exit condi-464

tion, the system selects the result from the device that exits first.465

This design prioritizes low-latency responses while maintaining466

reliability through confidence-aware filtering, thereby balancing467

accuracy and system responsiveness.468

V. ON-DEMAND MFM INFERENCE ACTIVATION AT EDGE469

This module runs at the edge and determines when to activate470

MFM inference under asynchronous arrivals of multimodal471

inputs. Let {x1, x2, . . . , xK} denote offloading samples fromK472

modalities. To avoid blocking inference until all K modalities473

arrive, AdaModalX formulates MFM activation as progressive474

data orchestration. Upon the complete arrival of a modality475

sample, the edge evaluates the incremental utility of the available476

modalities and triggers MFM inference once the utility score477

of the current candidate meets its candidate-specific activation478

threshold. This design consists of two modules: a modality479

contribution assessor (Section V-A) and an inference activation480

mechanism (Section V-B)(see Fig. 8).481

A. Modality Contribution Assessor482

We insert a simple assessor between the encoders and the483

fusion network and train it to estimate the incremental utility484

of different modality combinations by learning the discrepancy485

between a frozen MFM’s predictions and the true labels.486

Utility Score Definition: For each modality k, the frozen487

MFM encoder extracts its semantic feature fk = Ek(xk). Given488

FS = {fk | k ∈ S}, the assessor predicts a utility score s(FS) ∈489

[0, 1], which estimates whether the candidate feature set contains490

sufficient information for reliable MFM inference. A higher491

s(FS) indicates that the candidate set is more informative for the 492

current sample. Since modality contribution varies across sam- 493

ples and modality combinations, AdaModalX retains all fully 494

received modality features rather than permanently discarding 495

any modality, while avoiding unnecessary waiting by activating 496

inference once the current candidate meets its utility threshold. 497

Model Architecture: Since training a separate model for all 498

2K − 1 modality subsets is impractical, we introduce a shared 499

lightweight assessment model to estimate the utility of each 500

candidate modality set. The frozen MFM encoders map het- 501

erogeneous modalities into a unified latent space, allowing the 502

same assessment model to evaluate different modality combina- 503

tions. We process the candidate feature set FS with an assessor 504

encoder selected according to the fusion layer of the underlying 505

MFM. For LLM-based fusion, we use a lightweight Transformer 506

encoder and take the CLS output as the task-specific semantic 507

representation: hS = Transθ(FS)cls. For MLP-based fusion, 508

we use an MLP encoder: hS = MLPEncθ(FS). The utility 509

score is then computed as 510

s(FS) =

{
σ(gθ(hS , vstat)), MLP-based fusion,

σ(gθ(hS)), LLM-based fusion.
(11)

where vstat denotes statistical features used only for MLP-based 511

fusion, and σ(·) maps the output to [0,1]. 512

Offline Training: For offline training, we statistically profile 513

the modality arrival order and construct candidate inputs accord- 514

ingly to train the assessor. For each candidate feature set FS , we 515

derive the supervisory signal yS from the predictions of a frozen 516

MFM and the ground-truth labels, and train the contribution 517

assessor by minimizing Limp =
∑

S (s(FS)− yS)
2 . We for- 518

mulate the selection of candidate-specific activation thresholds 519

as an accuracy-constrained latency minimization problem. Let 520

AccFS
(V ) and LatFS

(V ) denote the validation accuracy and av- 521

erage latency under the activation rule s(FS) ≥ V , respectively. 522

The threshold for FS is selected by solving 523

VFS
= arg min

V ∈VFS

LatFS
(V ), s.t. AccFS

(V ) ≥ Atar,

where VFS
contains the candidate thresholds derived from 524

validation-set utility scores, and Atar is the target accuracy. 525

We solve this problem by grid search and select the feasible 526

threshold with the minimum average latency. During inference, 527

AdaModalX triggers MFM inference once the current candidate 528

satisfies s(FS) ≥ VFS
. 529

For dynamic arrival orders and modality subsets whose 530

candidate feature sets FS are covered during offline training, 531

AdaModalX reuses the shared contribution assessor and cor- 532

responding VFS
without online retraining, reselecting only the 533

thresholds when deployment conditions change. For an unseen 534

combination of MFM-supported modalities, it keeps the MFM 535

frozen, updates only the assessor, and selects the correspond- 536

ing VFS
on a validation set. An MFM-unsupported modality 537

additionally requires an encoder or projector to map it into the 538

MFM semantic space before the assessor is updated and the 539

corresponding thresholds are selected offline. 540
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Fig. 9. Overview of the MFM 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 ( 6©). If the candidate set does not meet the threshold ( 7©), AdaModalX waits for the
next data arrival ( 1©); otherwise, it triggers MFM inference ( 8©).

B. MFM Inference Activation Mechanism541

Instead of relying on complete modality arrival synchro-542

nization [28] or strict maximum latency deadlines [18], we543

progressively evaluate whether to execute MFM inference or544

await further inputs whenever a new modality is fully received.545

For ease of presentation, we assume that the samples xk arrive546

at the edge in ascending order; i.e., the complete sample xk (e.g.,547

an audio frame) is received earlier than xk+1 (e.g., a video clip).548

Oncexk fully arrives,AdaModalX updates the current candidate549

Fk with the features of {x1, . . . , xk}. If k = K, AdaModalX550

directly runs MFM inference. Otherwise, it evaluates Fk and551

triggers inference if it meets its activation rule. If Fk fails its552

threshold, AdaModalX combines the partial feature fpart
p of the553

most informative incomplete modality with Fk to impute f̂p554

and evaluates the augmented candidate F̃k. AdaModalX waits555

for the next modality only if the augmented candidate also fails556

its threshold.557

AdaModalX implements the above decision process with two558

optimizations: (i) partial modality feature imputation and (ii) a559

selective inference activation process, as explained next.560

Partial Modality Feature Imputation: Rather than relying561

only on fully received modality inputs or waiting for the562

remaining modality samples to arrive completely, we ex-563

ploit partially received modalities via feature-level imputa-564

tion. For the most informative incomplete modality xp ∈565

xk+1, . . . , xK , we encode its partially received input into a566

feature f part
p and impute the missing task-relevant semantics567

conditioned on the available feature set Fk. The resulting aug-568

mented candidate F̃k = Fk ∪ f̂p enables earlier MFM activa-569

tion while reducing accuracy degradation due to incomplete570

modality arrivals.571

Specifically, AdaModalX performs feature imputation in the572

shared semantic space of the MFM, rather than reconstructing573

the raw missing data [57]. Given the available feature set Fk =574

f1, . . . , fk and the partial feature f part
p = Ep(x

part
p ) produced by575

the modality encoder, we extract compact cross-modal context576

tokens as 577

Ck = Ctxθ(Fk ∪ {f part
p }), (12)

where Ctxθ(·) is a modality-aware token compressor that 578

projects heterogeneous modality features into a unified hidden 579

space and summarizes them through lightweight token mixing 580

and latent-query cross-attention. Conditioned on the partial fea- 581

ture f part
p and the compact context Ck, the model generates a 582

task-relevant semantic residual: 583

Δfp = Gθ(f
part
p , Ck), f̂p = f part

p +Δfp. (13)

Here, Gθ(·) is implemented as a lightweight cross-attention 584

imputer followed by an MLP residual head. By adding only 585

the predicted residual, the imputation preserves the semantic 586

evidence already contained in the partial feature while recov- 587

ering complementary information for early MFM activation. In 588

the offline stage, we freeze the MFM and train the imputation 589

module using the following objective:L = Ltask + λLreg,where 590

λ is set to 0.2, andLreg denotes the regularization loss. Here,Ltask 591

is the task-specific loss (e.g., an MLLM uses the causal language 592

modeling loss). 593

Selective Inference Activation Process: When xk is fully 594

received, the modality samples {x1, . . . , xk} are complete, 595

whereas {xk+1, . . . , xK} remains incomplete (see Fig. 9). 596
� AdaModalX incrementally encodes the newly arrived sam- 597

ple xk into fk and updates the cached feature set as 598

Fk = Fk−1 ∪ {fk}. If k = K, all modality samples have 599

arrived, and AdaModalX directly performs MFM inference 600

withFK . Otherwise, it first evaluates the candidate formed 601

by fully received modalities. If this candidate satisfies the 602

activation rule, i.e., s(Fk) ≥ VFk
, AdaModalX triggers 603

MFM inference with Fk. 604
� If the complete candidate set is insufficient, AdaModalX 605

selects the most informative incomplete modality xp from 606

{xk+1, . . . , xK} for imputation rather than simply wait- 607

ing for the next modality sample to become complete. 608

AdaModalX encodes the partial modality sample xpart
p 609
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into a partial feature fpart
p . The imputation module then610

combines fpart
p with Fk to generate an augmented feature611

f̂p. The assessor scores the augmented candidate F̃k =612

Fk ∪ {f̂p} to make the next activation decision. If this613

candidate satisfies the activation rule, i.e., s(F̃k) ≥ V
˜Fk

,614

AdaModalX triggers MFM inference with F̃k; otherwise,615

it waits until the next modality sample from the mobile616

client is fully received at the edge.617

VI. EXPERIMENT618

A. Experiment Setup619

Implementation: We implementAdaModalX in Python 3.12.3620

and PyTorch 2.5.1 for the server and mobile devices. The edge621

server is equipped with an RTX 3090 GPU, Intel(R) Xeon(R)622

Gold 6133 CPU @ 2.50 GHz, and 256 GB of RAM. We evaluate623

AdaModalX on four mobile devices: Jetson Orin NX (D1),624

Jetson Orin Nano (D2), Xiaomi 13 Ultra (D3), and Vivo X300625

Pro (D4). To simulate the distributed multimodal asynchronous626

arrival problem, we also evaluate the system’s performance627

across varying network bandwidths. For importance-aware data628

uploading (Section IV), we use a shallow MLP for text and629

lightweight CNNs for audio and vision as data-confidence es-630

timators. We repeat each experiment five times with different631

random seeds and report the mean ± standard deviation. For632

key comparisons with small performance differences, we ad-633

ditionally conduct statistical significance tests, with the results634

indicated in the corresponding figures.635

Task, Datasets, and Model: We implement two representative636

MFM inference architectures to evaluate system performance:637
� MFM-based Inference (M1): This architecture consists of638

a multimodal encoder, a projector, a fusion module, and a639

contrastive classifier. It maps inputs into a unified space,640

fuses them, and matches the fused representation against641

class text embeddings for classification. We implement it642

using ImageBind [39]. For example, in event detection643

tasks, the prompt template is: “Event is CLS.”644
� MLLM Inference (M2): This architecture uses the complete645

MLLM to directly output the final class label texts from646

multimodal inputs and task prompts. We implement it using647

Qwen3.5-2B [58]. For example, in multimodal sentiment648

analysis [34], the prompt is: “You are a multimodal senti-649

ment classification expert. Based on the input, classify the650

sentiment as positive, neutral, or negative. The sentiment651

is ().”652

We further evaluate AdaModalX on four representative real-653

world distributed multimodal applications:654
� Event Detection (T1): Audio-visual event recognition on655

the AVE dataset [33], which contains 4,143 videos across656

28 event categories; we divide each video into 1-second657

clips for recognition.658
� Driver Activity Recognition (T2): Multimodal driver be-659

havior understanding on drive&Act [35], a multi-view,660

multi-modal driver activity dataset.661
� Human Activity Recognition (T3): Human action recogni-662

tion on the Kinetics benchmark [59], a large-scale video-663

audio dataset for action classification.664

� Human Sentiment Analysis (T4): Sentiment classification 665

on CMU-MOSI [34], which contains aligned text, audio, 666

and visual modalities. 667

Baseline: We compare AdaModalX with nine representative 668

baselines that span both synchronous and asynchronous multi- 669

modal inference. For fair comparison, we reproduce all baseline 670

methods in the same evaluation pipeline and evaluate them under 671

the same settings. The baselines include: 672
� Synchronous MFM inference: The inference pipeline waits 673

for all input data to arrive before the server performs MFM 674

inference on the complete modalities. 675
� No-adaptation (NA) [39], [58]: The edge server waits for 676

all modalities to arrive and then runs the MFM inference 677

using all modalities. 678
� Modality Gating (MG) [28], [60], [61]: It uses a 679

lightweight policy network to dynamically select input 680

modalities for MFM inference, thereby reducing latency 681

and computational overhead. 682
� Minimal Modality Inference (Min) [62]: Triggers infer- 683

ence immediately with the fastest-arriving modality (e.g., 684

audio), prioritizing early inference but possibly sacrificing 685

accuracy. 686
� Asynchronous MFM inference [21]: The MFM inference 687

pipeline can perform inference when partial multimodal 688

data arrive. 689
� Original Non-Blocking (NB) [21]: It directly runs MFM 690

inference on the currently available partial multimodal 691

input once one modality fully arrives. 692
� Standalone (SD) [45]: This runs a lightweight single- 693

modal model, distilled from the MFM, exclusively on 694

mobile devices for local inference. 695
� MOSEL [18]: It dynamically selects a subset of avail- 696

able modalities for MFM inference to meet latency and 697

accuracy requirements. 698
� CGAN-based Modality Imputation (CGAN) [20], [21], 699

[31], [57]: It uses a CGAN to impute slow modality 700

features, thereby improving inference accuracy. 701
� Shared Feature (SF) [30]: It uses a specific- and shared- 702

feature network to reconstruct missing modality features 703

for asynchronous MFM inference. 704
� EdgeFM [29]: It selectively uploads uncertain samples 705

to edge-side FM and performs model switching accord- 706

ing to data uncertainty and network conditions. 707

B. Performance Comparison 708

1) System Latency v.s. Accuracy: We evaluate the inference 709

accuracy and system latency of AdaModalX under different 710

network conditions across four tasks (T1–T4) and two multi- 711

modal foundation models (M1 [39] and M2 [58]), comparing 712

it with nine baselines (NA [39], MG [28], Min [62], NB [21], 713

SD [45], MOSEL [18], CGAN [57], SF [30], and EdgeFM [29]). 714

First, as in Fig. 10, AdaModalX achieves the best accuracy- 715

latency trade-off across tasks, models, and network conditions. 716

Compared with NA [39], it reduces the average latency by 717

50.89% over the four tasks and two models, with less than 2% 718

accuracy degradation. Compared with Min [62], it improves the 719

average accuracy by 21.52%. Second, it achieves the lowest 720
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Fig. 10. 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.

Fig. 11. Comparison of modality usage rate(%) v.s. accuracy(%) between AdaModalX and other approaches on diverse tasks.

system latency while maintaining competitive accuracy. For721

example, as shown in Fig. 10(b), on the T2 task under 50 Mbps722

network bandwidth, it reduces latency by 52.23%, 48.56%,723

30.52%, 43.09%, 31.85%, 32.70%, and 20.15% compared with724

NA [39], MG [28], NB [21], MOSEL [18], CGAN [57], SF [30],725

and EdgeFM [29], respectively. It also improves accuracy by726

16.07% and 18.77% compared with Min [62] and SD [45],727

respectively.728

Summary: AdaModalX achieves the best accuracy-latency729

trade-off in distributed asynchronous multimodal sensing via730

importance-aware uploading and on-demand activation.731

2) Modality Usage: We evaluate the modality usage of732

AdaModalX under different network bandwidths for the event733

detection and driver activity recognition tasks, comparing it with734

baselines that require data uploading for edge-side inference,735

including NA [39], MG [28], Min [62], NB [21], MOSEL [18],736

CGAN [57], SF [30], and EdgeFM [29]. First, AdaModalX737

achieves the lowest edge-side modality usage among all meth-738

ods. As shown in Fig. 11(b), 73.31% of samples are inferred739

directly on mobile devices, improving the early-exit ratio by740

17.10% compared with EdgeFM [29] by avoiding unnecessary741

data uploading. Second, AdaModalX significantly reduces the742

usage of slow modalities. Compared with MG [28] and NA [39]743

in Fig. 11, it reduces the usage of the slow modality by 53.76%744

and 71.25%, respectively. Third, it also reduces the usage of 745

the IR-Color modality combination by 93.11% compared with 746

NA [39] and reduces the usage of the IR-Partial Color modality 747

combination by 80.83% compared with NB [21], MOSEL [18], 748

CGAN [57], and SF [30]. 749

Summary: AdaModalX reduces modality usage and latency 750

through early exiting at devices and on-demand activation at the 751

edge while preserving competitive accuracy. 752

3) Computational Cost: We further evaluate the computa- 753

tional cost and inference accuracy of AdaModalX using M1 754

on the event detection (T1) and driver activity recognition (T2) 755

tasks under 10 Mbps and 20 Mbps, comparing it with eight 756

baselines: NA [39], MG [28], Min [62], NB [21], MOSEL [18], 757

CGAN [57], SF [30], and EdgeFM [29]. First, AdaModalX 758

achieves the lowest computational cost while maintaining com- 759

petitive accuracy across different tasks, as shown in Fig. 12. For 760

example, in Fig. 12(b), AdaModalX reduces the computational 761

cost by 71.31%, 67.52%, 71.31%, 71.31%, 71.31%, 42.61%, 762

71.31% and 36.11% compared with NA [39], MG [28], 763

NB [21], MOSEL [18], CGAN [57], Min [62], SF [30], and 764

EdgeFM [29], respectively. It improves accuracy by 2.97%, 765

16.11%, 18.18%, 6.61%, 7.60%, and 1.48% compared with 766

MG [28], Min [62], NB [21], MOSEL [18], CGAN [57], and 767

SF [30], respectively. 768

IE
EE P

ro
of



XU et al.: AdaModalX: SYNCHRONIZATION-FREE MFM INFERENCE FOR DISTRIBUTED MULTIMODAL MOBILE SENSING 11

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 T1 AND T2 TASKS

UNDER DIFFERENT BANDWIDTHS

Summary: AdaModalX effectively reduces computational769

costs while maintaining competitive accuracy via importance-770

aware uploading and on-demand inference activation.771

4) Bandwidth Sensitivity: We evaluate system latency and772

accuracy on the driver activity recognition task (T2) under dif-773

ferent network bandwidths (i.e., 10 Mbps, 20 Mbps, 25 Mbps,774

and 50 Mbps), as shown in Fig. 13. First, AdaModalX main-775

tains competitive accuracy while consistently reducing latency776

across different network bandwidths. Compared with NA [39],777

AdaModalX reduces latency by 73.16%, 67.10%, 64.13%, and778

52.23% under 10 Mbps, 20 Mbps, 25 Mbps, and 50 Mbps,779

respectively. Second, AdaModalX shows greater latency advan-780

tages as the network bandwidth decreases. For example, when781

the bandwidth decreases from 50 Mbps to 10 Mbps, the latency782

reduction of AdaModalX over NA [39], Min [62], NB [21],783

MOSEL [18], CGAN [57], SF [30], MG [28], and EdgeFM [29]784

further increases by 20.93%, 44.75%, 18.16%, 21.13%, 17.13%,785

16.72%, 21.27%, and 26.33%, respectively.786

Summary: AdaModalX maintains competitive accuracy787

across bandwidth settings, with larger latency advantages under788

bandwidth-constrained networks.789

C. Understanding AdaModalX’s Improvement790

1) Impact of Design 1 (Section IV) and Design 2 (Section V):791

In Table I, we evaluate the impact of importance-aware data792

uploading at devices (#D1) and on-demand MFM inference793

activation at the edge (#D2) on the T1 and T2 tasks using794

M1. First, enabling #D1 alone reduces latency by 48.71% on795

average while maintaining competitive accuracy, indicating that796

on-device early exit effectively avoids unnecessary data uploads797

for both T1 and T2. Second, enabling #D2 alone reduces latency798

by 42.43% on average, suggesting that on-demand MFM in-799

ference activation mitigates waiting for slow modalities. Third,800

jointly enabling #D1 and #D2 reduces latency by 68.39% on801

average while maintaining competitive accuracy, demonstrating802

the complementarity of the two designs for distributed multi- 803

modal mobile sensing. 804

2) Performance of Importance-Aware Data Uploading At 805

Devices: We test overall accuracy and offloading rate of 806

the device-side importance-aware data uploading module 807

(#D1) on the T1 and T2 tasks using M1 and compare 808

it with EdgeFM(margin) [29], EdgeFM(max) [63], Soft- 809

max(margin) [29], Softmax(max) [63], AdaModalX (high), and 810

AdaModalX (pair). Here, margin uses the gap between the top-1 811

and top-2 scores as the confidence metric, while max directly 812

uses the top-1 score. AdaModalX (high) and AdaModalX (pair) 813

use only the high-confidence rule or the pairwise-confidence 814

rule. As shown in Fig. 14, #D1 achieves the lowest offloading 815

rates of 51.44% and 26.68% on T1 and T2, respectively, while 816

maintaining competitive overall accuracy. Specifically, com- 817

pared with EdgeFM(margin) [29], EdgeFM(max) [63], Soft- 818

max(margin) [29], Softmax(max) [63], AdaModalX (high), and 819

AdaModalX (pair), #D1 reduces the offloading rate by 17.10%, 820

17.01%, 20.21%, 17.64%, 5.99%, and 3.29% on T2, respec- 821

tively. 822

3) Performance of On-Demand MFM Inference Activation At 823

Edge: We evaluate the accuracy and latency of the edge-side on- 824

demand MFM inference activation module (#D2) on T1, T2, and 825

T3 tasks under diverse bandwidths, compared with seven base- 826

lines (NA [39], Min [62], NB [21], MOSEL [18], CGAN [57], 827

SF [30], and MG [28]). As shown in Fig. 15, #D2 independently 828

reduces waiting latency while maintaining competitive accuracy 829

across tasks and bandwidth settings. Compared with NA [39], 830

it reduces the average latency by 37.76% over the three tasks, 831

with competitive accuracy, and it improves the average accuracy 832

by 20.06% compared with Min [62]. For example, in Fig. 15(b) 833

for T2 under 50 Mbps, #D2 reduces latency by 30.36%, 17.02%, 834

and 25.0% compared with NA [39], MOSEL [18], and MG [28], 835

respectively. 836

4) Sensitivity to Slow-Modality Arrival Rates: In Fig. 16, we 837

evaluate the performance of AdaModalX under different asyn- 838

chronous settings and compare it with eight baselines (NA [39], 839

MG [28], Min [62], NB [21], MOSEL [18], CGAN [57], SF [30], 840

and EdgeFM [29]) on the T1 task using M1. We vary the arrival 841

rate of the slow modality (vision), defined as the proportion of 842

vision data that has arrived when the audio fully arrives. At 843

the 50% arrival rate, it reduces latency by 65.9% over NA [39] 844

while maintaining competitive accuracy, and reduces latency 845

by 45.3% over the strongest non-NA baseline SF [30]. Second, 846

AdaModalX remains effective under a lower arrival rate. At the 847

25% arrival rate, it reduces latency by 63.4% over NA [39] while 848

maintaining competitive accuracy. These results demonstrate 849

the robustness of AdaModalX to different degrees of modality 850

asynchrony. 851

D. Micro-Benchmarks and Ablation Studies 852

1) Impact of Different Distillation Loss: We evaluate the 853

impact of different distillation loss components on the T2 task 854

by mobile model accuracy, overall accuracy, and offloading 855

rate. W/ LPTC , w/ LFA, and w/ LCPD achieves the lowest 856

offloading rate while maintaining competitive accuracy in 857
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Fig. 13. Bandwidth sensitivity of AdaModalX on T2 with M1 under 10 Mbps, 20 Mbps, 25 Mbps, and 50 Mbps.

Fig. 14. Comparison of accuracy v.s. offloading rate(%) between importance-aware data uploading at devices (#D1) and six baselines on T1 and T2 tasks.

Fig. 15. Effectiveness of on-demand MFM inference activation at edge (#D2) with the importance-aware data uploading at devices (#D1) disabled.

Fig. 16. Sensitivity to slow-modality arrival rates on T1 with M1.

TABLE II
ABLATION STUDY ON DIFFERENT DISTILLATION LOSS COMPONENTS IN THE IR

MODALITY

Table II. Compared with the configurations w/LPTC , w/oLFA,858

w/o LCPD; w/ LPTC , w/ LFA, w/o LCPD; and w/ LPTC , w/o859

LFA, w/ LCPD, the full configuration (w/ LPTC , w/ LFA, and860

TABLE III
OVERALL DEVICE-SIDE EARLY-EXIT OUTCOMES OF AdaModalX ON T1 WITH

M1

w/ LCPD) reduces the offloading rate by 8.06%, 6.26%, and 861

5.9%, respectively. 862

2) Benefits of On-Demand MFM Inference Activation At 863

Edge: We evaluate the benefits of on-demand MFM inference 864
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Fig. 17. Reliability of false early-exit rate (FEER) and early-exit coverage under four device-side confidence thresholds on T1 with M1.

TABLE IV
ABLATION STUDY ON THE EFFECTS OF PARTIAL MULTIMODAL FEATURE

IMPUTATION (I) AND SELECTIVE INFERENCE ACTIVATION (S) ON THE

ACCURACY AND LATENCY OF EVENT DETECTION

Fig. 18. Reliability of device-side early exit under two confidence scores.

activation at the edge by ablating partial multimodal feature865

imputation (I) and selective inference activation (S) on T1866

tasks. As in Table IV, compared with w/o I and w/o S, w/ I,867

w/o S improves accuracy by 7.58%. Enabling inference acti-868

vation yields a larger accuracy gain of 10.30%. The w/ I and869

w/ S setting achieves the best accuracy, improving accuracy870

by 12.78%.871

3) Reliability of Device-Side Early Exit: We evaluate the872

reliability of the device-side confidence-aware early-exit rule873

on T1 with M1. First, as shown in Fig. 17, we evaluate the874

trade-off between the false early-exit rate (FEER) and early-875

exit coverage, i.e., early-exit rate, by varying each of the four876

confidence thresholds in the hybrid rule while fixing the other877

three. Across all four threshold sweeps, FEER generally in-878

creases with early-exit coverage, while the selected thresholds879

achieve a balanced FEER–coverage trade-off. Second, as shown880

in Fig. 18, we group test samples into score intervals to assess881

the empirical reliability of the two semantic confidence scores.882

The early-exited samples achieve comparable or higher on-883

device accuracy in most populated score intervals, indicating that884

the hybrid rule retains a more reliable subset of device-side pre-885

dictions. Third, Table III quantifies the false early-exit outcomes886

under the selected threshold setting. AdaModalX early-exits887

52.62% of test samples, while only 4.24% of all samples are888

Fig. 19. Comparison of accuracy v.s. latency under network fluctuation on T1

with M1.

false early exits; among all samples, 2.69% correspond to false 889

early exits that would have been corrected by the edge model if 890

uploaded. This shows that AdaModalX reduces edge inference 891

while limiting unrecovered local errors. 892

4) Performance Under Bandwidth Fluctuations: We eval- 893

uate AdaModalX on T1 with M1 using a sample-sequence 894

bandwidth trace that cycles through {2, 5, 10, 15} Mbps every 895

20 samples. As shown in Fig. 19, AdaModalX achieves the best 896

accuracy-latency trade-off. Compared with NA [39], it reduces 897

the average latency by 67.93% while maintaining competitive 898

accuracy. At comparable latency to Min [62], it improves ac- 899

curacy by 17.91%. These results demonstrate the robustness of 900

AdaModalX to bandwidth fluctuations in modality transmission 901

delays. 902

5) Overhead of Proposed Modules: We evaluate the device- 903

side confidence estimators on two smartphones and two embed- 904

ded devices. As shown in Table V, the estimators require 0.13– 905

3.64 GFLOPs and contain 2.19–12.75 M parameters. Across the 906

four deployments, their mean on-device inference latency ranges 907

from 7.02 to 63.72 ms, with mean local accuracy of 43.67– 908

67.26% and mean offloading rates of 49.05–79.49%. Supporting 909

a new device requires re-distilling its lightweight local estimator 910

and recalibrating its class-wise upload thresholds. This one-time 911

offline adaptation uses 38–50 samples per class and takes, on 912

average, 2.8–11.3 minutes for distillation and 4.65–14.5 seconds 913

for threshold calibration. Table VI further reports the runtime 914

overhead of the edge-side modules onT1 withM1. The modality 915

contribution assessor and feature imputation module together 916

require only 6.38 ms and 0.022 GFLOPs, equivalent to 1.38% 917

of the full MFM latency and 0.01% of its computational cost, re- 918

spectively. Since device-side estimation runs concurrently with 919

data transmission, its latency is not fully added to the end-to-end 920
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TABLE V
PER-DEVICE PERFORMANCE AND RESOURCE COSTS OF THE DEVICE-SIDE CONFIDENCE ESTIMATORS

TABLE VI
LATENCY AND COMPUTATIONAL COST OF THE EDGE-SIDE MODULES ON T1

WITH M1

Fig. 20. Illustration of the case study with mobile devices.

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 to921

the end-to-end latency reduction achieved by AdaModalX.922

E. Real-World Case Study923

We develop a distributed sensing system for smart-home hu-924

man activity recognition covering 15 daily-life activity classes.925

This system aims to enhance user experience through intelligent926

services, as shown in Fig. 20. Specifically, the system integrates927

a Jetson Orin Nano connected to an RGB Camera (1280x720,928

15 FPS), and a Jetson Orin NX connected to an IR Camera929

(1280x720, 6 FPS). We evaluate the inference accuracy and930

system latency of AdaModalX, comparing it with nine baselines931

(NA [39], MG [28], Min [62], NB [21], SD [45], MOSEL [18],932

CGAN [57], SF [30], and EdgeFM [29]) under 10 Mbps. First,933

as shown in Fig. 21, AdaModalX achieves the best accuracy-934

latency trade-off in distributed asynchronous multimodal sens-935

ing via importance-aware uploading and on-demand activation.936

Compared with NA [39], it reduces the average latency by937

TABLE VII
COMPARISON OF FLOPS ON T3 WITH M1

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- 938

pared with Min [62]. Second, as shown in Table VII,AdaModalX 939

achieves the lowest computational cost while maintaining com- 940

petitive accuracy. It reduces the computational cost by 29.81%, 941

30.19%, 29.82%, and 16.05% compared with NA [39], MG [28], 942

CGAN [57], and EdgeFM [29], respectively. 943

We further add a Xiaomi 13 Ultra to provide an IMU stream, 944

forming a three-device RGB/IR/IMU sensing configuration un- 945

der 5 Mbps. First, as shown in Fig. 22, AdaModalX achieves 946

the best accuracy-latency trade-off under the complete three- 947

modality setting, reducing average latency by 73.97% over 948

NA [39] and improving accuracy by 37.03% over Min [62]. 949

Second, AdaModalX still achieves the best accuracy-latency 950

trade-off when sensor failure makes one modality unavailable 951

and only the remaining two modalities support inference. 952

VII. RELATED WORK 953

A. Distributed Multimodal Sensing 954

Distributed multimodal sensing systems are common in ubiq- 955

uitous computing, such as autonomous driving [6], action recog- 956

nition [64], [65], and intelligent healthcare [5]. For example, 957

VIPS [6] proposes an infrastructure-assisted autonomous driv- 958

ing framework that fuses in-vehicle sensor data for improved 959

accuracy. RF-Camera [64] combines video and RFID data to 960

enhance human gesture recognition. Wavoice [66] integrates 961

audio and millimeter-wave signals for precise speech recogni- 962

tion. To enhance accuracy and generalization, researchers are 963

also exploring how MFM can be integrated into distributed 964

sensing systems. CAT [65] explores how an MFM describes 965

audiovisual events in complex environments. Med-MFM [5] 966

enhances clinical decision-making by improving diagnostic 967

efficiency. EarthGPT [37] utilizes visual enhancements and 968
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multi-granularity data for multi-sensor remote sensing. How-969

ever, they mainly focus on the development of MFMs for970

multimodal data or accurate inference, neglecting the inference971

latency caused by asynchronous data. In contrast, AdaModalX972

introduces importance-aware data uploading at devices and973

on-demand MFM inference activation at servers to overcome974

inference blocking from asynchronous data, reducing latency975

while maintaining accuracy.976

B. Asynchronous Multimodal Inference977

Existing approaches improve the efficiency and responsive-978

ness of multimodal inference through modality selection, non-979

blocking multimodal inference, and collaborative inference.980

Modality Selection: Modality-selection methods im-981

prove inference efficiency through policy networks (e.g.,982

AdaMML [28]), modality gating (e.g., SMG [61]), or983

latency-constrained selection (e.g., MOSEL [18]). However,984

these methods make selection decisions within a request or985

segment without considering how modality availability changes986

during device–edge transmission. They therefore do not directly987

address distributed mobile sensing, where modality data arrive988

asynchronously and become available progressively. In contrast,989

AdaModalX progressively updates the inference candidate as990

modality data arrive.991

Non-blocking Multimodal Inference: It avoids waiting for992

all modalities by exploiting cross-modal features [25] or im-993

puting missing data (e.g., AdaFlow [57], AdaFlowLite [31],994

and PATCH [21]). However, these methods mainly focus on995

using available inputs or completing unavailable modality data,996

without determining when to activate the edge-side MFM ac-997

cording to candidate utility as modalities progressively arrive.998

AdaModalX activates edge-side MFM inference when the can-999

didate formed by fully arrived modalities provides sufficient util-1000

ity; otherwise, it imputes features from partially received inputs1001

and re-evaluates the augmented candidate, avoiding unnecessary1002

imputation and premature inference.1003

Collaborative Inference: Collaborative-inference methods1004

coordinate mobile devices and edge servers through model1005

partitioning [67], data compression [68], or confidence-based1006

big–small model switching (e.g., big/little [63], AppealNet [56],1007

and EdgeFM [29]). However, model partitioning tightly couples1008

device–edge execution and is bandwidth-sensitive, whereas data1009

compression incurs processing overhead but still requires wait-1010

ing for delayed modalities before inference. Big–small model1011

switching relies on device-side confidence estimates; inaccurate1012

estimates may cause false early exits or unnecessary offloading.1013

AdaModalX uses joint confidence rules for device-side early exit1014

and separately determines when to activate the edge-side MFM1015

according to candidate utility as modality data progressively1016

arrive.1017

Overall, AdaModalX coordinates two runtime decisions for1018

asynchronous multimodal inference: whether to exit early based1019

on device-side confidence and, otherwise, when to activate the1020

edge-side MFM according to candidate utility as modality data1021

progressively arrive.1022

VIII. CONCLUSION 1023

In this paper, we address the challenge of modality asyn- 1024

chrony in MFM-based distributed multimodal sensing. Unlike 1025

prior methods that require extensive retraining or architectural 1026

modifications, we introduce AdaModalX, a progressive mul- 1027

timodal inference framework that decouples inference execu- 1028

tion from modality synchronization via runtime utility-aware 1029

orchestration. By learning modality utility offline and dynami- 1030

cally triggering inference only when sufficient data is available, 1031

AdaModalX achieves a balance between accuracy and latency. 1032

Additionally, AdaModalX leverages lightweight models on mo- 1033

bile devices to reduce data transmission and processing de- 1034

lays, further improving responsiveness. Evaluations across four 1035

mobile tasks and real-world scenarios on four mobile devices 1036

demonstrate that AdaModalX achieves an accuracy improve- 1037

ment of up to 26.97% and a system latency reduction of up to 1038

64.75%. Our work demonstrates the potential of AdaModalX 1039

in asynchronous distributed environments, although large-scale 1040

evaluations primarily emulate asynchronous modality arrivals 1041

under controlled network conditions. Future work will extend 1042

AdaModalX to more architectures, modalities, and devices and 1043

validate it in larger live deployments under diverse sensing and 1044

network conditions. 1045
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