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Abstract001

Multimodal sentiment models are typically de-002
veloped and evaluated on curated benchmarks003
where text, audio, and vision are well-aligned004
and reliable. In deployment, modality qual-005
ity varies across instances (e.g., noise, miss-006
ing sensors), and modalities can disagree, mak-007
ing fixed fusion strategies brittle. We present008
RIDER-MoE, a mixture-of-experts architec-009
ture that routes each example among modality-010
uniqueness, redundancy, and synergy experts011
based on estimated modality reliability and012
cross-modal agreement. The expert decom-013
position is motivated by Partial Information014
Decomposition (PID), and we operationalize015
the intended U/R/S semantics via masked-view016
Disentangled Interaction Regularization dur-017
ing training. The router augments the fused018
representation with lightweight unimodal sen-019
timent probes: high probe entropy and low020
consensus down-weight synergistic fusion and021
shift probability mass toward redundancy or022
unimodal experts. On CMU-MOSI and CMU-023
MOSEI, RIDER-MoE is competitive with re-024
cent strong baselines on clean test sets and025
achieves the best robustness (highest normal-026
ized AUC) across noise, missing-modality, and027
cross-modal conflict stress tests. These results028
support reliability-aware expert routing as a029
practical mechanism for robust multimodal sen-030
timent analysis. Code: https://anonymous.031
4open.science/r/submission-5B6D032

1 Introduction033

Human communication is a multifaceted process034

where sentiment is conveyed through the intricate035

interplay of linguistic content, acoustic resonance,036

and facial expressions (Poria et al., 2023; Li et al.,037

2024). The field of Multimodal Sentiment Analy-038

sis (MSA) has witnessed a surge in performance,039

with recent deep learning architectures (Zhou et al.,040

2025; Fang et al., 2025; He et al., 2025; Li and041

Li, 2025) achieving impressive accuracy on bench-042

marks such as MOSI and MOSEI. These SOTA043

Figure 1: Benchmark vs. deployment: static fusion
can fail under sample-dependent modality unreliability;
reliability-aware routing adapts expert usage.

models excel at mining subtle cross-modal depen- 044

dencies, leveraging the assumption that complex 045

fusion yields superior understanding. 046

However, this “benchmark prosperity” often 047

masks a critical vulnerability. As illustrated in Fig- 048

ure 1 (Top), standard benchmarks function (Zadeh 049

et al., 2016; Bagher Zadeh et al., 2018) as “green- 050

houses”—curated environments characterized by 051

high alignment, clear signals, and minimal noise. 052

In stark contrast, real-world deployment is fraught 053

with sample-dependent quality shifts: audio may 054

be corrupted by background chatter, faces may be 055

occluded, and modalities may exhibit semantic con- 056

flicts (e.g., sarcasm where positive text contradicts 057

a negative tone) (Poria et al., 2020). 058

Most existing approaches implicitly adopt a 059

static interaction assumption: the model learns 060

one dominant cross-modal interaction pattern and 061

applies it to all samples (Wu et al., 2025; Chen 062

et al., 2025). As depicted in the “Static Collapse” 063

scenario of Figure 1 (Bottom-Left), this amounts 064

to a globally fixed fusion strategy shared across 065

samples that aggressively seeks Synergy regard- 066

less of per-sample reliability. When a modality 067

becomes unreliable (e.g., noise, occlusion, miss- 068

ing sensors), forcing synergistic fusion entangles 069

corrupted evidence with clean cues and can con- 070
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taminate predictions; when modalities conflict, the071

same aggressive fusion can wash out informative072

modality-specific signals. Robust MSA therefore073

requires sample-wise strategy selection, together074

with training signals that keep different interaction075

pathways behaviorally distinct rather than collaps-076

ing into a single undifferentiated route.077

To address this, we propose RIDER-MoE078

(Reliability-aware Interaction-Disentangled Expert079

Routing), a tri-modal mixture-of-experts model080

that adapts its fusion strategy on a per-sample081

basis (Figure 1, Bottom-Right). RIDER-MoE082

routes each example among five experts: three uni-083

modal uniqueness experts (UT , UA, UV ), a redun-084

dancy expert (R) designed to remain stable un-085

der single-modality degradation, and a high-gain086

but fragile synergy expert (S). This expert factor-087

ization is inspired by Partial Information Decom-088

position (PID) (Williams and Beer, 2010; Woll-089

stadt et al., 2023); importantly, we do not estimate090

PID quantities or commit to a specific redundancy091

definition, but instead operationalize the intended092

U/R/S semantics via masked-view Disentangled093

Interaction Regularization (DIR; Appendix A). Fi-094

nally, a Reliability-Aware Router that monitors095

each modality’s uncertainty (via entropy) and cross-096

modal agreement (via a consensus score) and uses097

these signals to adjust the expert mixture per sam-098

ple. For clean and consistent inputs, the router up-099

weights the Synergy expert to exploit interaction-100

only cues for maximal information gain and pre-101

cision. For noisy or missing modalities, elevated102

uncertainty (or absence) suppresses the fragile Syn-103

ergy pathway and shifts probability mass toward104

the Redundancy expert, promoting stable predic-105

tions under modality degradation. For cross-modal106

conflicts, agreement drops even when unimodal107

confidence remains high (e.g., positive text paired108

with negative audio), so the router emphasizes the109

corresponding Uniqueness experts to preserve reli-110

able modality-specific evidence and avoid cancel-111

lation from contradictory signals.112

Our contributions are:113

• Reliability-aware expert routing for MSA.114

We introduce RIDER-MoE, which dynam-115

ically routes examples between synergy-,116

redundancy-, and modality-specific experts117

based on uncertainty and cross-modal consen-118

sus signals.119

• Masked-view interaction disentanglement.120

We propose Disentangled Interaction Regular-121

ization (DIR), a masked-view regularizer that 122

enforces uniqueness/redundancy invariances 123

and constrains synergy to act as a full-view 124

residual, promoting stable expert roles. 125

• Robustness evaluation and results. On 126

MOSI and MOSEI, RIDER-MoE is compet- 127

itive on clean benchmarks and yields consis- 128

tent robustness gains under noise, missing- 129

modality, and conflict stress tests, supported 130

by ablations. 131

2 Related Work 132

Multimodal sentiment analysis. MSA has 133

progressed from early tensor/low-rank fu- 134

sion (Morency et al., 2011; Zadeh et al., 2017) 135

to attention-based cross-modal interaction mod- 136

eling (Poria et al., 2023; Tsai et al., 2019a). 137

Recent strong architectures include dual-path 138

fusion (Zhou et al., 2025), state-space models for 139

long sequences (He et al., 2025), and parameter- 140

efficient adapters in PLMs (Chen et al., 2025). 141

Many methods still rely on static fusion/gating at 142

test time (Wu et al., 2025), which can fail under 143

modality-quality shifts and conflicts (Poria et al., 144

2020). RIDER-MoE instead performs sample-wise 145

expert routing based on estimated reliability and 146

agreement. 147

Robustness via denoising and reconstruction. 148

Robust MSA has been approached via denoising 149

noisy modalities (Li and Li, 2025) or reconstruct- 150

ing missing ones (Zhu et al., 2025). These methods 151

can incur extra computation and may assume a con- 152

sistently reliable anchor modality. Our approach 153

is complementary: rather than reconstructing in- 154

puts, RIDER-MoE adapts the interaction strategy 155

by routing away from fragile synergy when probes 156

indicate low reliability or low agreement. 157

Interaction disentanglement and MoE. PID 158

characterizes multivariate information into unique, 159

redundant, and synergistic terms (Williams and 160

Beer, 2010; Wollstadt et al., 2023) and has been 161

used to analyze multimodal model behavior (Liang 162

et al., 2023). Separately, MoE offers conditional 163

computation (Chen et al., 1999, 2023; Zhao et al., 164

2024) and has been explored in multimodal settings 165

(e.g., (Fang et al., 2025; Xin et al., 2025)). Un- 166

like conventional modality reweighting approaches, 167

RIDER-MoE routes among interaction-type ex- 168

perts (U/R/S) and uses probe-based reliability plus 169

2



Text
encoder

Fusion

Text

Audio

Vision

Audio
encoder

Vision
encoder

(A) BACKBONE REPRESENTATION

Probe(T)

(B) UNIMODAL PROBES -> EXPERTS  PRIORS

Probe(A) Probe(V)

Importance 
from

Reliability 
from entropy

(per-modality)

(per-modality) Cross-modal 
consensus

(scalar)

STAGE-2
Expert prior over experts

STAGE-1
Modality weights

T     A     V UT  UA UV   R   S

(C) RELIABILITY-AWARE ROUTER 

+

(D) RELIABILITY-AWARE ROUTER 

UT (Text uniqueness)

UA (Audio uniqueness)

UV (Vision uniqueness)

R (Redundancy)

S (Synergy)

Mixture
output

𝒉𝑻 = 𝒈𝑻 𝒙𝑻

𝒉𝑨 = 𝒈𝑨 𝒙𝑨

𝒉𝑽 = 𝒈𝑽 𝒙𝑽

𝒇𝐟𝐮𝐬𝐞 𝒉𝑻, 𝒉𝑨, 𝒉𝑽
𝒛 𝟎

𝒛 𝟎

𝑰𝒎𝒑𝑻

𝑰𝒎𝒑𝑽

𝑰𝒎𝒑𝑨
𝑹𝒆𝒍𝑻

𝑹𝒆𝒍𝑨

𝑹𝒆𝒍𝑽

𝒓𝒎 = 𝜶𝑹𝒆𝒍𝒎 + 𝟏 − 𝜶 𝑰𝒎𝒑𝒎

𝒓𝑻, 𝒓𝑨, 𝒓𝑽

𝒄𝒐𝒏𝒔_𝒔𝒄𝒐𝒓𝒆

𝒉𝑻 → 𝒑𝑻 𝒉𝑨 → 𝒑𝑨 𝒉𝑽 → 𝒑𝑽

𝒆𝒏𝒕𝒓𝒐𝒑𝒚 𝑲𝑳 𝒑𝒎
𝟏
𝟑

𝒑𝑻 + 𝒑𝑨 + 𝒑𝑽

𝒛𝒓𝒐𝒖𝒕𝒆𝒓 = 𝒇𝒓𝒐𝒖𝒕𝒆𝒓 𝒛 𝟎
𝒛 = 𝒛𝒓𝒐𝒖𝒕𝒆𝒓 + 𝝀𝒑𝐥𝐨𝐠  + 𝜺 𝝅 𝟎 = 𝒔𝒐𝒇𝒕𝒎𝒂𝒙 𝒛

𝝅 𝟎 = 𝝅𝑼𝑻

𝟎
, 𝝅𝑼𝑨

𝟎
, 𝝅𝑼𝑽

𝟎
, 𝝅𝑹

𝟎
, 𝝅𝑺

𝟎

𝒚𝑼𝑻

𝟎
= 𝒇𝑼𝑻

𝒛 𝟎

𝒚𝑼𝑨

𝟎
= 𝒇𝑼𝑨

𝒛 𝟎

𝒚𝑼𝑽

𝟎
= 𝒇𝑼𝑽

𝒛 𝟎

𝒚𝑹
𝟎

= 𝒇𝑹 𝒛 𝟎

𝒚𝑺
𝟎

= 𝒇𝑺 𝒛 𝟎

𝒚 𝟎 = ෍

𝒆∈𝓔

𝝅𝒆
𝟎

𝒚𝒆
𝟎

{𝑼𝑻, 𝑼𝑨, 𝑼𝑽, 𝑹, 𝑺}

Priorexp 

𝒙𝑻

𝒙𝑨

𝒙𝑽

𝒈𝑻

𝒈𝑨

𝒈𝑽

Priorexp 𝒐𝒗𝒆𝒓 𝒆𝒙𝒑𝒆𝒓𝒕𝒔

Figure 2: Inference-time architecture of RIDER-MoE with a reliability-aware router over PID-inspired U/R/S
experts.

cross-modal consensus to bias routing; DIR fur-170

ther prevents expert-role collapse via masked-view171

constraints (Appendix A).172

3 Method173

We propose a tri-modal mixture-of-experts (MoE)174

architecture for sentiment analysis with text, au-175

dio, and vision (Figure 2). The model combines a176

reliability-aware router with interaction-specialized177

experts and a disentangled interaction regulariza-178

tion (DIR) scheme that shapes experts into unique-179

ness, redundancy, and synergy roles.180

3.1 Problem Setup and Architecture181

Overview182

We consider regression from tri-modal input183

(xT , xA, xV ) to a scalar sentiment label y ∈ R184

(e.g., in [−3, 3]). Let the modality set be M =185

{T,A, V }. For each modality m ∈M, a unimodal186

encoder gm maps the raw input xm into a latent vec-187

tor hm = gm(xm) ∈ Rdm . A fusion module ffuse188

combines the three encodings into a shared repre-189

sentation z(0) = ffuse(hT , hA, hV ) ∈ Rdz , which190

serves as the input to all experts and to the router191

on the full (unmasked) view, denoted by p = 0.192

Interaction-aware experts. We instantiate a set193

of five scalar experts E = {UT , UA, UV , R, S},194

where UT , UA, UV are text-, audio-, and vision-195

uniqueness experts, R is a redundancy expert, and196

S is a synergy expert. For any view index p (full197

or masked; Section 3.3), each expert produces a198

scalar prediction y
(p)
e = fe

(
z(p)

)
∈ R, e ∈ E .199

Routing and prediction. On the full tri-200

modal view p = 0 (all modalities present),201

a reliability-aware router (Section 3.2) pro- 202

duces a probability vector over experts π(0) = 203[
π
(0)
UT

, π
(0)
UA

, π
(0)
UV

, π
(0)
R , π

(0)
S

]⊤
∈ R5, with 204

π
(0)
e ≥ 0 and

∑
e∈E π

(0)
e = 1. The routed pre- 205

diction on the full view is 206

ŷ(0) =
∑
e∈E

π(0)
e y(0)e . (1) 207

We use an absolute-error regression loss 208

Ltask =
∣∣∣ŷ(0) − y

∣∣∣ . (2) 209

3.2 Reliability-Aware Routing 210

The router should not only depend on the fused rep- 211

resentation z(0) but also account for how reliable 212

and mutually consistent each modality appears on 213

the current example. We therefore augment a stan- 214

dard MoE router with unimodal sentiment probes, 215

entropy-based modality reliability, modality im- 216

portance predicted from the fused context, and a 217

cross-modal consensus score. These signals are 218

aggregated into expert-level priors that softly bias 219

the router logits. Full mathematical definitions are 220

provided in Appendix B.1. 221

Unimodal sentiment probes. For each modality 222

m ∈ M, we attach a small classification head to 223

hm that predicts a discrete sentiment label ỹ ob- 224

tained by quantizing y (e.g., to K = 7 levels). A 225

softmax over the probe logits yields a unimodal 226

sentiment distribution pm and a cross-entropy loss 227

L(m)
cls . These probes regularize the encoders and 228

provide uncertainty-aware signals; they do not di- 229

rectly appear in Eq. (1). 230
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Reliability, importance, and consensus. From231

each pm we compute an entropy Hm and con-232

vert entropies into a relative reliability distribution233

Relm, where lower entropy yields higher reliability.234

In parallel, a linear layer on z(0) followed by soft-235

max predicts modality importance scores Impm,236

capturing how useful each modality appears in the237

fused context. We blend these into normalized238

modality reliability weights rm (and their average239

r̄), which are later used to weight regularization240

terms. To measure cross-modal agreement, we241

compare each pm to the mean distribution p̄ using242

KL divergence and map the average disagreement243

into a scalar consensus score cons_score ∈ (0, 1].244

Expert priors and biased routing. The modal-245

ity weights (rT , rA, rV ) and consensus score246

cons_score form a feature vector that is mapped,247

via a linear layer and softmax, to an expert prior248

distribution Priorexp over E . In parallel, a router249

network frouter applied to z(0) produces base expert250

logits. We inject the expert prior as a log-bias be-251

fore the final softmax, i.e., adding λp log(Prior
exp
e )252

to the base logit of expert e, with strength λp ≥ 0.253

This yields reliability- and consensus-aware routing254

probabilities π(0), while keeping the router fully255

trainable through Ltask.256

3.3 Interaction Experts and Masked Views257

DIR (Section 3.4) requires observing how expert258

outputs change when individual modalities are re-259

moved. To keep computation efficient, we reuse260

the unimodal encoders and manipulate their outputs261

via masking rather than re-encoding from scratch.262

After computing (hT , hA, hV ), we construct four263

views indexed by p: the full view p = 0, and three264

masked views p ∈ {−T,−A,−V } where the cor-265

responding modality representation hm is replaced266

by a masking vector MASKm in the same space267

as hm. For each view p ∈ {0,−T,−A,−V } we268

reuse the same fusion module and experts to obtain269

a fused representation z(p) = ffuse
(
h
(p)
T , h

(p)
A , h

(p)
V

)
270

and scalar expert outputs y
(p)
e = fe

(
z(p)

)
for all271

e ∈ E . All routing-related quantities are computed272

once from the full view (hT , hA, hV , z
(0)). The273

resulting π(0) is reused wherever routing weights274

are needed in the losses. This design avoids multi-275

ple router passes and ensures that all regularization276

shapes experts under a single routing policy derived277

from the complete tri-modal context.278

3.4 Disentangled Interaction Regularization 279

DIR encourages the experts to specialize into 280

modality uniqueness, redundancy, and synergy 281

roles while leaving the main forward prediction 282

Eq. (1) unchanged. It operates only on the scalar ex- 283

pert outputs {y(p)e } across masked views and uses 284

the reliability weights rm and r̄ from the router. 285

3.4.1 PID-inspired invariance for uniqueness 286

and redundancy 287

The first component, LPID, promotes invariance of 288

uniqueness and redundancy experts across appro- 289

priate views, inspired by partial information decom- 290

position. For each modality m ∈ {T,A, V } we 291

define the set of views where m is present, for ex- 292

ample PT = {0,−A,−V }, PA = {0,−T,−V }, 293

and PV = {0,−T,−A}. The uniqueness expert 294

Um is encouraged to output similar values across 295

all views in Pm, using a mean-squared deviation be- 296

tween y
(0)
Um

and y
(p)
Um

for p ∈ Pm \{0}, weighted by 297

the reliability rm. If Um encodes information from 298

other modalities, its output changes when those 299

modalities are masked, increasing the penalty. 300

The redundancy expert R is intended to capture 301

information that persists when any single modal- 302

ity is removed, so we penalize the variance of 303

y
(p)
R across all four views p ∈ {0,−T,−A,−V }, 304

scaled by the average reliability r̄. The combined 305

PID-inspired invariance loss is 306

LPID = Luni + Lred, 307

where Luni and Lred denote the uniqueness and 308

redundancy invariance terms, respectively. Exact 309

formulas are given in Appendix B.3. 310

3.4.2 Synergy regularization 311

The second component, Lsyn, enforces a synergy 312

interpretation: the synergy expert should be silent 313

whenever any modality is missing and, on the full 314

view, should explain the residual error left by the 315

other experts. 316

First, when a modality is masked (p ∈ 317

{−T,−A,−V }), we penalize non-zero synergy 318

outputs y(p)S , using a squared penalty scaled by r̄3 319

to emphasize examples where all three modalities 320

are reliable. This encourages the synergy expert 321

to encode information that truly requires all three 322

modalities simultaneously. 323

Second, on the full view p = 0, we view syn- 324

ergy as a residual correction. Let ŷ(0)\S be the routed 325
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prediction obtained from all experts except S (us-326

ing the same π(0)). We construct a residual target327

δ = y − sg(ŷ
(0)
\S ), where sg(·) is a stop-gradient328

operator, and encourage the routed synergy con-329

tribution π
(0)
S y

(0)
S to match δ, again weighted by330

r̄3. Because gradients are stopped through ŷ
(0)
\S ,331

this term updates only the synergy expert and its332

routing weight. We denote the sum of the “off-333

under-masking” and “residual-fit” terms by Lsyn;334

detailed expressions are given in Appendix B.3.335

3.5 Overall Objective and Optimization336

3.5.1 Global loss337

The overall loss for a batch combines the regres-338

sion task, unimodal probe losses, and the two DIR339

components:340

L = Ltask+λcls

∑
m∈M

L(m)
cls +λPIDLPID+λsynLsyn.

(3)341

Here, λcls weights the auxiliary probe losses, λPID342

controls the strength of the uniqueness and redun-343

dancy invariance constraints, and λsyn controls syn-344

ergy regularization. The scalar λp (Section 3.2)345

controls how strongly expert priors bias routing346

but does not enter the loss explicitly. DIR intro-347

duces only two global hyperparameters specific to348

interaction disentanglement (λPID and λsyn).349

3.5.2 Training vs. inference350

During training we use the full and masked views,351

the auxiliary probe losses, and both DIR compo-352

nents, always routing with π(0) computed from353

the full view. At inference time we use only the354

full view and the routed prediction in Eq. (1); no355

masked views or DIR terms are involved. Thus356

the prediction cost matches that of a single-pass357

5-expert MoE layer with a reliability-aware router358

(App. D). Detailed pseudo-code for training and359

inference is given in Algorithm 1 in Appendix B.4.360

4 Experiments361

Datasets, Metrics, and Baselines We conduct362

a comprehensive evaluation on two widely used363

public benchmarks, MOSI (Zadeh et al., 2016) and364

MOSEI (Bagher Zadeh et al., 2018). Following365

prior work, we report Acc-7, Acc-2, F1, MAE,366

and Corr. Implementation details (experimental367

setup, datasets, and hyperparameters), as well as368

the robustness stress-test protocols and the com-369

putation of robustness/diagnostic summary met-370

rics, are provided in the Appendix C. We com-371

pare against representative state-of-the-art meth- 372

ods, including TFN (Zadeh et al., 2017), LMF (Liu 373

et al., 2018), MulT (Tsai et al., 2019b), MISA (Haz- 374

arika et al., 2020), Self-MM (Yu et al., 2021), 375

MMIM (Han et al., 2021), DMD (Li et al., 2023), 376

EMOE (Fang et al., 2025), t-HNE (Li and Li, 2025), 377

and MMA (Chen et al., 2025). 378

4.1 Main Results on Clean Benchmarks 379

Table 1 reports results on MOSI and MOSEI un- 380

der the standard (clean) setting. On MOSEI, 381

RIDER-MoE attains the highest Acc-7 among com- 382

pared methods (55.3) and is comparable to the 383

strongest clean baseline on Acc-2/F1 (85.67/85.61 384

vs. 85.7/85.7). On MOSI, RIDER-MoE achieves 385

47.13 Acc-7 and 85.12 Acc-2, which is within 386

the performance range of recent competitive ap- 387

proaches (e.g., EMOE and t-HNE). 388

For regression-oriented metrics, RIDER-MoE 389

obtains MAE/Corr of 0.714/0.796 on MOSI and 390

0.531/0.772 on MOSEI, remaining close to the best 391

reported correlations in Table 1. Overall, these re- 392

sults indicate that the PID-inspired expert decom- 393

position and the associated training regularization 394

maintain competitive performance in the standard 395

benchmark regime, which provides a clean-data ref- 396

erence point for the robustness evaluation in §4.2. 397

4.2 Robustness to In-the-Wild Quality Shifts 398

To focus the robustness comparison, we select 399

the top five state-of-the-art baselines from §4.1 400

(MMIM, DMD, EMOE, t-HNE, and MMA). 401

Figure 3 reports performance–severity curves 402

for three test-time stressors—Noise (ρ, within- 403

modality corruption), Missingness (m, modality 404

dropout), and Cross-modal Conflict (c, mismatched 405

modalities that break cross-modal agreement)—on 406

both MOSI and MOSEI. The exact corruption op- 407

erators are defined in Appendix C.2. We sweep 408

ρ ∈ {0, 0.1, . . . , 0.5}, m ∈ {0, 0.2, . . . , 0.8}, and 409

c ∈ {0, 0.25, . . . , 1.0}. As expected, all methods 410

degrade as severity increases; however, RIDER- 411

MoE shows a consistently slower decline, with the 412

largest gaps emerging at moderate-to-high severi- 413

ties, especially under Missingness and Conflict. 414

To summarize robustness over the full severity 415

range, Table 2 reports normalized AUC, computed 416

by trapezoidal integration over the performance– 417

severity curve and dividing by the severity range 418

(equivalently, the average performance over the 419

severity grid; Appendix C.3). On MOSI, RIDER- 420

MoE achieves the highest normalized AUC on both 421
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Methods MOSI MOSEI

ACC7↑ ACC2↑ F1↑ MAE↓ Corr↑ ACC7↑ ACC2↑ F1↑ MAE↓ Corr↑

TFN 34.9 80.8 80.7 0.901 0.698 50.2 82.5 82.1 0.593 0.700
LMF 33.2 82.5 82.4 0.917 0.695 48.0 82.0 82.1 0.623 0.677
MulT 35.1 80.2 80.1 0.936 0.711 52.3 82.7 82.8 0.572 0.753
MISA 41.8 84.2 84.2 0.754 0.766 52.3 85.3 85.1 0.543 0.723
Self-MM 45.3 84.9 84.9 0.738 0.789 53.2 84.5 84.3 0.540 0.758
MMIM 45.8 84.6 84.5 0.717 0.786 50.1 83.6 83.5 0.580 0.756
DMD 46.2 83.2 83.2 0.721 0.773 52.4 84.8 84.7 0.546 0.764
EMOE 47.49 85.13 84.89 0.710 0.804 53.91 85.3 85.3 0.537 0.782
t-HNE 47.04 85.02 84.98 0.680 0.810 54.05 85.2 85.32 0.520 0.789
MMA 46.90 86.4 86.40 0.693 0.803 55.2 85.7 85.7 0.529 0.766
RIDER-MoE (Ours) 47.13 85.12 85.12 0.714 0.796 55.3 85.67 85.61 0.531 0.772

Table 1: Main results on MOSI and MOSEI under the standard (clean) setting.
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Figure 3: Robustness performance–severity curves under three test-time stressors: Noise (ρ), Missingness (m), and
Cross-modal Conflict (c). Top: Acc-2. Bottom: Corr. Columns: MOSI/MOSEI under Noise/Missingness/Conflict.
Stress-test protocols and severity grids are defined in Appendix C.2.

Acc-2 and Corr across all three stressors—Noise422

(81.1/0.727), Missingness (77.2/0.691), and Con-423

flict (81.2/0.734). On MOSEI, RIDER-MoE shows424

the same consistent trend, attaining the top AUC un-425

der Noise (82.0/0.715), Missingness (78.2/0.676),426

and Conflict (82.3/0.719), indicating the strongest427

average robustness over the full severity range.428

These results match RIDER-MoE’s specializa-429

tion and routing behavior. Under quality degra-430

dation (Noise/Missingness), the reliability-aware431

router suppresses the high-gain but brittle Syn-432

ergy route and favors the Redundancy expert; un-433

der semantic disagreement (Conflict), it leans to-434

ward Uniqueness experts to mitigate cross-modal435

contamination. DIR further stabilizes redun-436

dancy/uniqueness under masked views and restricts437

synergy to a full-view residual correction, improv-438

ing average Acc-2 and Corr across both quality439

shifts and disagreement.440

4.3 Ablation Study 441

We conduct claim-aligned ablations on MOSI and 442

MOSEI by removing one component (module or 443

loss term) at a time while keeping the unimodal en- 444

coders, fusion backbone, optimization recipe, and 445

inference procedure fixed. We ablate reliability- 446

aware routing by (i) disabling expert-prior logit 447

injection (λp=0) and (ii) removing the consen- 448

sus term from the prior while retaining reliability- 449

related terms; we ablate disentangled interaction 450

regularization (DIR) by setting λPID=λsyn=0 and 451

by removing its sub-terms (LPID, Lsyn, Lsyn-off, 452

Lsyn-res); we remove masked-view construction 453

(p∈0,−T,−A,−V ), eliminating view-based con- 454

straints; and we collapse the PID-motivated ex- 455

pert decomposition into a single prediction head, 456

matching capacity by increasing the head width to 457

approximate the parameter budget of the original 458

multi-expert heads. Table 3 reports clean metrics 459
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MOSI MOSEI

Model Noise AUC↑ Missing AUC↑ Conflict AUC↑ Noise AUC↑ Missing AUC↑ Conflict AUC↑
Acc-2 Corr Acc-2 Corr Acc-2 Corr Acc-2 Corr Acc-2 Corr Acc-2 Corr

MMIM 78.9 0.689 74.5 0.641 79.3 0.699 78.3 0.667 73.9 0.620 78.8 0.679
DMD 77.1 0.672 72.7 0.623 77.4 0.681 79.1 0.671 74.7 0.623 79.5 0.682
EMOE 79.9 0.711 75.4 0.663 80.3 0.722 80.4 0.697 76.1 0.650 81.0 0.710
t-HNE 80.5 0.719 76.6 0.687 79.7 0.714 81.2 0.709 77.3 0.674 80.4 0.702
MMA 79.5 0.673 75.0 0.645 79.7 0.668 79.3 0.645 74.7 0.616 79.4 0.646
RIDER-MoE (Ours) 81.1 0.727 77.2 0.691 81.2 0.734 82.0 0.715 78.2 0.676 82.3 0.719

Table 2: Robustness summary using normalized AUC over performance–severity curves for Acc-2 and Corr
(higher is better). Normalized AUC is computed by trapezoidal integration and dividing by the severity range
(Appendix C.3); stress-test protocols follow Appendix C.2.

and robustness nAUC. Additional hyperparameter460

sensitivity analyses are provided in Appendix C.6.461

Table 3 shows that RIDER-MoE (Full) is con-462

sistently best overall on robustness across both463

datasets, while remaining competitive on clean464

benchmarks. Router prior ablations primarily re-465

duce robustness with limited effect on clean met-466

rics: disabling prior injection (λp=0) noticeably467

lowers Noise/Missing AUC on both Corr and Acc-468

2 (e.g., on MOSI, Noise-AUC(A2) drops from469

81.1 to 79.3 and Missing-AUC(C) from 0.691470

to 0.671), whereas removing only the consensus471

term leaves Noise/Missing closer to the full model472

but degrades conflict handling more sharply (e.g.,473

Conflict-AUC(C) decreases from 0.734 to 0.704474

on MOSI and from 0.719 to 0.685 on MOSEI).475

This pattern is consistent with the consensus signal476

being the key indicator for semantic disagreement,477

while reliability-related terms are more directly tied478

to noise/missingness.479

DIR and view perturbations are required for480

broad robustness. Removing DIR entirely481

(λPID=λsyn=0) produces consistent degradation on482

both clean and robustness metrics, especially under483

Missing (e.g., Missing-AUC(A2) decreases from484

77.2 to 72.9 on MOSI and from 78.2 to 73.4 on485

MOSEI). The component ablations align with the486

intended roles: removing LPID disproportionately487

harms conflict robustness (e.g., Conflict-AUC(C)488

0.734→0.709 on MOSI), while removing Lsyn489

mainly reduces Noise/Missing AUC. Within Lsyn,490

removing Lsyn-off most strongly impacts Missing-491

AUC, whereas removing Lsyn-res more visibly de-492

grades clean regression (e.g., on MOSI, MAE/Corr493

increases from 0.714/0.796 to 0.731/0.786). Train-494

ing without masked views yields robustness drops495

close to removing DIR, indicating that the view-496

based constraints are necessary for DIR to shape497

expert behaviors. Finally, collapsing to a single 498

expert yields the largest overall robustness degrada- 499

tion (e.g., Missing-AUC(A2) drops to 71.2/MOSI 500

and 70.8/MOSEI), supporting the necessity of the 501

PID-motivated U/R/S decomposition together with 502

reliability-aware routing for robust multimodal sen- 503

timent prediction. 504

4.4 Analysis: Routing Dynamics and 505

Interaction Disentanglement 506

Routing dynamics under quality shifts and con- 507

flicts. Figure 4 plots the average full-view rout- 508

ing weights E[π(0)] as corruption severity increases, 509

where πU = πUT
+πUA

+πUV
. On clean inputs, the 510

router assigns most mass to synergy (πS). As Noise 511

(ρ) or Missingness (m) increases, πS decreases 512

while redundancy (πR) rises, with a stronger shift 513

under Missingness; πU stays relatively small. This 514

matches the router’s entropy-based modality relia- 515

bility and modality importance signals and their log- 516

prior injection: when a modality becomes uncer- 517

tain/absent, the injected expert prior down-weights 518

the fragile synergistic route and favors the redun- 519

dancy expert, whose semantics are designed to 520

persist under single-modality degradation. Under 521

Conflict (c), the trend changes: πU increases sub- 522

stantially as πS drops, while πR stays near its base- 523

line. Mechanistically, conflict primarily reduces the 524

cross-modal consensus score (without necessarily 525

reducing unimodal confidence), so the consensus- 526

conditioned prior shifts mass toward uniqueness 527

experts to avoid cross-modal contamination in a 528

synergistic fusion. 529

DIR semantic checks and ablation signatures. 530

Figure 5 evaluates whether DIR enforces inter- 531

pretable U/R/S roles using masked views. We re- 532

port four behavioral diagnostics aligned with DIR: 533

(i) Uniqueness consistency ∆U across views where 534
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MOSI MOSEI

Variant Clean Robust AUC Clean Robust AUC

A7 A2 F1 MAE C N(C) M(C) Cf(C) N(A2) M(A2) Cf(A2) A7 A2 F1 MAE C N(C) M(C) Cf(C) N(A2) M(A2) Cf(A2)

RIDER-MoE (Full) 47.13 85.12 85.12 0.714 0.796 0.727 0.691 0.734 81.1 77.2 81.2 55.3 85.67 85.61 0.531 0.772 0.715 0.676 0.719 82.0 78.2 82.3
w/o prior injection (λp=0) 46.93 84.82 84.80 0.720 0.792 0.709 0.671 0.724 79.3 75.0 80.2 55.1 85.45 85.38 0.535 0.768 0.696 0.654 0.707 80.0 75.8 81.1
w/o consensus term in prior 47.03 84.92 84.90 0.718 0.793 0.721 0.683 0.704 80.5 76.4 78.3 55.2 85.50 85.44 0.534 0.769 0.709 0.668 0.685 81.2 77.2 79.0
w/o DIR (λPID=λsyn=0) 46.33 84.22 84.18 0.734 0.784 0.694 0.652 0.700 77.8 72.9 78.6 54.4 84.70 84.62 0.548 0.758 0.684 0.635 0.688 78.4 73.4 79.4
w/o LPID 46.63 84.52 84.50 0.726 0.788 0.715 0.678 0.709 79.9 75.6 78.9 54.8 85.05 84.98 0.540 0.763 0.704 0.662 0.693 80.9 76.6 79.6
w/o Lsyn (remove Lsyn-off & Lsyn-res) 46.73 84.62 84.60 0.724 0.790 0.707 0.664 0.717 79.1 74.6 79.8 54.9 85.10 85.02 0.539 0.765 0.694 0.646 0.706 79.8 74.9 80.7
w/o Lsyn-off 46.88 84.78 84.76 0.721 0.791 0.709 0.657 0.724 79.4 74.2 80.2 55.0 85.38 85.30 0.536 0.767 0.696 0.644 0.710 80.1 74.8 81.0
w/o Lsyn-res 46.43 84.32 84.30 0.731 0.786 0.716 0.682 0.725 80.0 76.0 80.4 54.6 84.92 84.84 0.545 0.762 0.704 0.664 0.710 80.8 76.8 81.4
w/o masked views 46.23 84.12 84.08 0.737 0.782 0.690 0.646 0.695 77.4 72.2 78.2 54.3 84.60 84.52 0.550 0.756 0.679 0.631 0.683 77.8 72.6 78.7
Expert collapse: single expert 45.83 83.62 83.58 0.744 0.776 0.672 0.631 0.679 76.6 71.2 77.4 53.8 84.00 83.92 0.560 0.748 0.660 0.616 0.665 76.8 70.8 77.8

Table 3: Ablations on MOSI and MOSEI. Clean metrics: ACC7 (A7), ACC2 (A2), F1, MAE, and Corr (C).
Robustness is summarized by normalized AUC under Noise (N), Missingness (M), and Conflict (Cf), reported
for Corr [N(C), M(C), Cf(C)] and ACC2 [N(A2), M(A2), Cf(A2)]. Stress-test protocols, severity grids, and the
normalized-AUC computation are provided in Appendix C.
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Figure 4: Router dynamics vs. corruption. Average
initial routing weights E[π(0)] under Noise (ρ), Missing-
ness (m), and Cross-modal Conflict (c).
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the target modality is present, (ii) Redundancy sta-535

bility Var(R) across the four views, (iii) Synergy536

off-under-masking Off(S) on masked views, and537

(iv) Synergy-as-residual corr(π(0)
S y

(0)
S , δ), where538

δ is the residual target from §3.4. Formal def-539

initions (including view sets, aggregation, and540

the correlation computation) are given in Ap-541

pendix C.4. The full model shows the intended542

signature: low ∆U , low Var(R), near-zero Off(S),543

and the strongest residual correlation. Ablations544

yield targeted degradations: removing LPID pri-545

marily increases ∆U and Var(R), indicating that 546

uniqueness and redundancy lose their PID-inspired 547

invariances; removing Lsyn-off sharply increases 548

Off(S) while leaving the other diagnostics compar- 549

atively close; and removing Lsyn-res most strongly 550

reduces corr(πSy
(0)
S , δ), consistent with losing the 551

residual-fit constraint on synergy. Disabling DIR 552

entirely (and training without masked views) de- 553

grades multiple metrics simultaneously, confirming 554

that view perturbations and DIR are both required 555

to prevent expert-role collapse. 556

Takeaway. Together, Figure 4 and Figure 5 sup- 557

port a closed-loop mechanism: the router performs 558

sample-wise strategy switching under corruption, 559

and DIR keeps the routed experts behaviorally 560

disentangled so that these switches remain inter- 561

pretable and robust. 562

5 Conclusion 563

In this paper, we studied robustness in multimodal 564

sentiment analysis under sample-dependent modal- 565

ity unreliability and cross-modal disagreement. We 566

proposed RIDER-MoE, a reliability-aware mixture- 567

of-experts model that routes each input between 568

synergy, redundancy, and modality-specific experts 569

using uncertainty and consensus signals, and we 570

introduced masked-view Disentangled Interaction 571

Regularization (DIR) to encourage stable expert 572

roles. Experiments on MOSI and MOSEI show 573

that RIDER-MoE maintains competitive clean per- 574

formance while improving robustness under noise, 575

missing-modality, and conflict stress tests. Future 576

work includes evaluating under more realistic dis- 577

tribution shifts and extending reliability-aware rout- 578

ing to additional modalities and tasks. 579
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Limitations580

Our empirical evaluation is restricted to two curated581

benchmarks (CMU-MOSI and CMU-MOSEI), and582

robustness is primarily assessed through three583

controlled, synthetic test-time stressors: within-584

modality Noise (ρ), Missingness (m), and Cross-585

modal Conflict (c). While these protocols yield re-586

producible performance–severity curves and AUC587

summaries, they may not faithfully capture real-588

world distribution shifts such as non-stationary589

background noise, temporal misalignment, corre-590

lated sensor failures, or other in-the-wild corrup-591

tion patterns; thus, external validity beyond these592

benchmarks remains unverified.593

Methodologically, masked-view training approx-594

imates “removing a modality” via a representation-595

level intervention (replacing an encoder output with596

a masking vector). This approximation relies on597

the assumption that the masking vector is label-598

agnostic and may differ from true absence, out-599

of-distribution inputs, or missing-not-at-random600

mechanisms. Likewise, our conflict construction601

breaks cross-modal agreement through controlled602

modality mismatch, which may not represent all603

natural forms of semantic disagreement.604

Our PID framing is a motivated surrogate: we605

do not estimate mutual information, do not com-606

mit to a redundancy definition, and our Unique-607

ness/Redundancy/Synergy experts form a coarse608

aggregation over finer-grained PID atoms. Disen-609

tangled Interaction Regularization (DIR) imposes610

soft, weighted constraints that encourage (but do611

not guarantee) disentanglement and expert role spe-612

cialization.613

The reliability-aware router depends on dis-614

cretized unimodal probes and uncertainty / agree-615

ment signals (e.g., entropy- and divergence-based616

consensus), which could be miscalibrated under617

sarcasm-like disagreement, severe corruption, or618

domain shift and may require recalibration. Fi-619

nally, although inference is single-pass, training620

incurs additional computation and hyperparame-621

ter sensitivity due to multi-view objectives and622

regularization. We do not systematically analyze623

fairness/bias, privacy, or downstream deployment624

risks; we discuss these considerations in the Ethics625

Statement.626

Ethics Statement627

This work studies multimodal sentiment analysis628

from text, audio, and vision. Inferring affective629

states from human communication can be sensitive: 630

the same technology may be used for beneficial 631

applications (e.g., improving human–computer in- 632

teraction) but also for harmful or high-stakes uses 633

(e.g., surveillance, screening in hiring/education, or 634

other automated decision-making about individu- 635

als). We therefore emphasize that our contributions 636

are intended for research on robustness and relia- 637

bility modeling, and we caution against deploying 638

sentiment inference systems as the sole basis for 639

consequential decisions without human oversight, 640

clear user notice/consent, and rigorous risk assess- 641

ment. 642

Data and privacy. The benchmarks used in 643

this paper contain human-generated online video 644

content with audio and visual signals. Such modal- 645

ities can reveal identity-related or biometric cues 646

(e.g., voice and facial characteristics). Even when 647

datasets are publicly released for research, real- 648

world deployment should follow data-minimization 649

principles, appropriate access controls, and privacy- 650

preserving handling (e.g., on-device processing, 651

avoiding retention of raw audio/video when not 652

necessary). 653

Bias and fairness. Performance may vary across 654

demographic groups, languages/accents, and ex- 655

pression styles (including sarcasm or culturally 656

specific affect). Our experiments do not provide 657

a systematic audit of group fairness or representa- 658

tiveness. We recommend that future work evaluate 659

subgroup performance and calibration, and con- 660

sider bias mitigation or uncertainty-aware absten- 661

tion when models are applied beyond the bench- 662

mark domain. 663

Deployment considerations. While we explic- 664

itly target reliability under controlled noise, miss- 665

ingness, and modality conflict, these stressors are 666

synthetic and may not cover the full range of fail- 667

ures in the wild. Practical deployment should in- 668

clude ongoing monitoring, recalibration, and fall- 669

backs (e.g., abstaining or deferring to robust uni- 670

modal pathways) when uncertainty or disagreement 671

signals indicate low reliability. 672
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A PID-Consistent Interpretation of U/R/S 859

Experts and DIR 860

A.1 PID background and scope of the 861

theoretical claim 862

Let (T,A, V ) denote random variables correspond- 863

ing to the three modalities (Text/Audio/Vision), 864

and let Y denote the sentiment label. Partial Infor- 865

mation Decomposition (PID) (Williams and Beer, 866

2010; Wollstadt et al., 2023) is an information- 867

theoretic framework that decomposes the total mu- 868

tual information 869

I(Y ;T,A, V ) (4) 870

into information atoms that separate redundant 871

(shared), unique (source-specific), and synergis- 872

tic (interaction-only) contributions. Formally, PID 873

specifies a redundancy function (often denoted 874

I∩) that determines which information about Y 875

is shared among sources; once I∩ is fixed, the 876

remaining atoms (including unique and synergy 877

terms) are determined by the PID lattice con- 878

struction (Williams and Beer, 2010; Wollstadt 879

et al., 2023). As a consequence, PID is not a 880

single quantity: the numerical values of “redun- 881

dancy/uniqueness/synergy” depend on the chosen 882

redundancy definition and estimator. 883

What we do (and do not) do. RIDER-MoE 884

does not compute PID values (no explicit mutual- 885

information estimation, no explicit choice of I∩). 886

Instead, we use PID as a theoretical motivation 887

for designing a trainable architecture and a set of 888

masked-view constraints (DIR) that act as an op- 889

erational surrogate for the core PID semantics: 890

(i) uniqueness should not require other modali- 891

ties, (ii) redundancy should persist under single- 892

modality removal, and (iii) synergy should require 893

all modalities and behave as an interaction-only cor- 894

rection. This “PID-consistent surrogate” viewpoint 895
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is also aligned with recent uses of information-896

decomposition ideas for interpreting multimodal897

interactions.898

A.2 RIDER-MoE notation and masked views899

as interventions900

We follow the main text notation. For each modal-901

ity m ∈ M = {T,A, V }, a unimodal encoder902

produces hm = gm(xm). We define four views903

indexed by904

p ∈ {0,−T,−A,−V }, (5)905

where p = 0 denotes the full tri-modal view and906

p = −m denotes the masked view obtained by907

replacing hm with a fixed masking vector MASKm908

(Appendix B.2). For each view,909

z(p) = ffuse

(
h
(p)
T , h

(p)
A , h

(p)
V

)
,

y(p)e = fe

(
z(p)

)
, ∀ e ∈ E .

(6)910

with expert set E = {UT , UA, UV , R, S} as in911

§3.1. Routing weights are computed only on the912

full view,913

π(0) ∈ R|E|,
∑
e∈E

π(0)
e = 1, π(0)

e ≥ 0, (7)914

and the full-view prediction is ŷ(0) =915 ∑
e∈E π

(0)
e y

(0)
e (Eq. ((1))).916

Masked views as operational “removal” inter-917

ventions. The masking operation is an implemen-918

tation of a controlled intervention that removes the919

information content of one modality while keeping920

the remaining modalities fixed at the representation921

level. Concretely, p = −m corresponds to the in-922

tervention hm ← MASKm. Our DIR arguments923

below rely on the mild assumption that MASKm is924

label-agnostic (it does not itself carry information925

about Y ), so that comparing y
(0)
e and y

(−m)
e probes926

sensitivity to the presence of modality m rather927

than injecting new label information.928

A.3 DIR losses as PID-semantic surrogate929

constraints930

DIR consists of the uniqueness and redundancy931

invariance terms (LPID = Luni +Lred) and synergy932

regularization (Lsyn = Lsyn-off + Lsyn-res), defined933

in Appendix B.3. For completeness, we restate the934

key structures: Uniqueness invariance. 935

Luni,m =
1

|Pm| − 1

∑
p∈Pm\{0}

(
y
(0)
Um
− y

(p)
Um

)2
,

Luni =
∑
m∈M

rm Luni,m.
(8) 936

Redundancy stability. 937

ȳR =
1

4

∑
p∈{0,−T,−A,−V }

y
(p)
R ,

Lred = r̄ · 1
4

∑
p∈{0,−T,−A,−V }

(
y
(p)
R − ȳR

)2
.

(9) 938

Synergy off under masking. 939

Lsyn-off = r̄ 3 · 1
3

∑
p∈{−T,−A,−V }

(
y
(p)
S

)2
. (10) 940

Synergy as residual-fit. 941

ŷ
(0)
\S =

∑
e∈E\{S}

π(0)
e y(0)e ,

δ = y − sg
(
ŷ
(0)
\S

)
,

Lsyn-res = r̄ 3
(
π
(0)
S y

(0)
S − δ

)2
.

(11) 942

Here PT = {0,−A,−V }, PA = {0,−T,−V }, 943

PV = {0,−T,−A} (Eq. ((25))), and sg(·) is stop- 944

gradient. 945

Below we state a PID-consistent interpretation of 946

each DIR component, as an operational surrogate 947

for the corresponding PID semantics. 948

A.3.1 Uniqueness invariance as a proxy for 949

modality-specificity 950

In PID terms, “unique” information in modality m 951

refers to information about Y that can be obtained 952

from m without requiring the other modalities (and 953

that is not available from them, depending on I∩). 954

Our uniqueness invariance term targets the neces- 955

sary (but not sufficient) operational property: the 956

uniqueness expert should be insensitive to remov- 957

ing other modalities. 958

Proposition 1 (Uniqueness invariance discour- 959

ages cross-modal leakage). Fix a modality m ∈ 960

M and define the composite mapping 961

GUm(hT , hA, hV ) := fUm

(
ffuse(hT , hA, hV )

)
.

(12) 962

Assume that masking m′ ̸= m replaces hm′ by a 963

constant vector MASKm′ . If Luni,m = 0 holds for 964

12



all examples (i.e., y(0)Um
= y

(p)
Um

for all p ∈ Pm\{0}),965

then GUm is invariant to each masked intervention966

on modalities m′ ̸= m on the support of the data:967

GUm(hT , hA, hV ) = GUm

(
h
(−m′)
T , h

(−m′)
A , h

(−m′)
V

)
,

∀m′ ∈M \ {m}.
(13)968

and thus y(0)Um
can be written as a function of hm969

and constants (the masks) only, i.e., there exists ϕm970

such that971

y
(0)
Um

= ϕm(hm) on the data support. (14)972

Proof sketch. For m = T (analogous for A, V ),973

Luni,T = 0 implies974

GUT
(hT , hA, hV ) = GUT

(hT ,MASKA, hV )

= GUT
(hT , hA,MASKV ).

(15)975

The first equality states that changing hA to a976

constant does not change the output, so GUT
is977

insensitive to hA under this intervention; the sec-978

ond equality analogously removes sensitivity to hV .979

Therefore, on the data support, the output depends980

only on the remaining variable hT (plus fixed con-981

stants), yielding a representation ϕT (hT ).982

PID-semantic proxy. This proposition does not983

claim that Um captures only PID-unique informa-984

tion (which would require a specific redundancy985

definition and information estimation). It formal-986

izes the narrower, PID-consistent surrogate: the987

Um expert is trained to be modality-specific in the988

sense of being invariant to removing other modali-989

ties, thereby discouraging cross-modal leakage into990

Um.991

A.3.2 Redundancy stability as a proxy for992

shared information993

PID redundancy corresponds to information about994

Y that is available from multiple sources. Our995

redundancy stability term Lred enforces that R996

outputs remain stable under removing any single997

modality, which operationalizes “shared” informa-998

tion as persistence under single-modality removal.999

Proposition 2 (Variance penalty suppresses1000

modality-specific sensitivity). Assume a simple1001

shared+specific factorization of representations:1002

for each m ∈M,1003

hm =
[
c ; um

]
, (16)1004

where c is a shared factor (correlated across modal- 1005

ities and predictive of Y ) and um is a modality- 1006

specific factor (not shared with other modalities). 1007

Consider a setting where the redundancy output 1008

on a view is locally linear in the three modality 1009

representations, 1010

y
(p)
R ≈ b+

∑
m∈M

w⊤
mh(p)m , (17) 1011

and masking sets h
(−m)
m = MASKm with fixed 1012

MASKm = [c0;u0]. Then, under mild moment 1013

assumptions (e.g., E[um] = 0 and the um are not 1014

perfectly predictable from the other modalities), 1015

minimizing E[Lred] discourages placing weight on 1016

modality-specific directions, i.e., it drives wm to 1017

have small components on um-subspaces, making 1018

y
(p)
R primarily a function of the shared factor c 1019

(which remains recoverable from the unmasked 1020

modalities). 1021

Proof sketch. Across the four views, the only 1022

changes induced by masking are replacements of 1023

one modality vector by a constant. In the lo- 1024

cal linear approximation, the view-to-view vari- 1025

ability of y(p)R is controlled by the magnitudes of 1026

w⊤
m(hm − MASKm). If wm has nontrivial pro- 1027

jection onto um directions that fluctuate across 1028

samples and are not reproducible from the other 1029

modalities, then masking modality m produces 1030

view-dependent deviations that increase the vari- 1031

ance term in Eq. (9). Reducing this variance thus 1032

pushes wm away from those modality-specific di- 1033

rections, leaving the stable (shared) signal as the 1034

remaining low-variance predictor. 1035

PID-semantic proxy. The proposition formal- 1036

izes a PID-consistent surrogate notion of redun- 1037

dancy: R is encouraged to represent components 1038

that are stable under removing any one modality, 1039

which is a natural operational proxy for “shared” 1040

information across modalities. 1041

A.3.3 Synergy off-under-masking as a proxy 1042

for joint-only information 1043

In PID, synergy corresponds to information about 1044

Y that emerges only when sources are observed 1045

jointly. Our Lsyn-off implements the operational 1046

constraint that the synergy expert should be silent 1047

whenever any modality is removed. 1048

Proposition 3 (Off-under-masking enforces 1049

joint-only activation). If Lsyn-off = 0 for all 1050

13



examples, then for each masked view p ∈1051

{−T,−A,−V },1052

y
(p)
S = 0. (18)1053

Consequently, the synergy pathway cannot produce1054

any expert-level signal under any single-modality1055

removal intervention, and any nontrivial contribu-1056

tion of S must come from the full view p = 0.1057

Proof sketch. Eq. (10) is a sum of squared terms.1058

Setting it to zero forces each squared term to be1059

zero, hence y
(p)
S = 0 on the masked views.1060

PID-semantic proxy. This is a direct operational-1061

ization of the defining intuition behind synergy: it1062

should vanish when a modality is missing, and thus1063

can only reflect information accessible from the1064

joint tri-modal context.1065

A.3.4 Synergy-as-residual as a proxy for1066

interaction-only correction1067

The second synergy constraint is residual-fit on1068

the full view. It encourages S to explain what is1069

not already explained by the other experts, closely1070

matching the intuition of “interaction-only” con-1071

tent.1072

Proposition 4 (Residual-fit makes synergy ap-1073

proximate the leftover error). Condition on the1074

full-view representation z(0) and treat the non-1075

synergy prediction ŷ
(0)
\S as fixed with respect to the1076

gradients of Lsyn-res via sg(·). Then minimizing the1077

expected residual-fit term over the data distribution,1078

min
S

E
[(
π
(0)
S y

(0)
S − δ

)2]
, (19)1079

drives the routed synergy contribution π
(0)
S y

(0)
S to-1080

ward the conditional least-squares predictor of the1081

residual:1082

π
(0)
S y

(0)
S ≈ E

[
δ | z(0)

]
= E

[
y − ŷ

(0)
\S | z

(0)
]
.

(20)1083

Thus, S is trained to model the portion of Y that1084

remains unexplained by UT , UA, UV , and R under1085

the current routing policy.1086

Derivation sketch. Under squared loss, the min-1087

imizer of E[(g(z(0))− δ)2] over measurable func-1088

tions g is g⋆(z(0)) = E[δ | z(0)]. Here g(z(0))1089

is instantiated by the routed synergy contribution1090

π
(0)
S y

(0)
S . The stop-gradient in Eq. (11) prevents1091

this objective from changing ŷ
(0)
\S through gradient1092

flow, making the residual target δ act as a fixed 1093

regression target for the synergy pathway during 1094

this update. 1095

PID-semantic proxy. Residual-fit does not com- 1096

pute a PID synergy atom. It enforces a PID- 1097

consistent operational surrogate: synergy is trained 1098

as an interaction-only correction beyond what 1099

can already be captured by the (masked-invariant) 1100

uniqueness and redundancy pathways. 1101

A.4 Assumptions and limitations of the PID 1102

surrogate (mandatory) 1103

The bridge above is intentionally framed as a PID- 1104

consistent surrogate, not as an equality to PID 1105

quantities. Key limitations are: 1106

• Supervised objective vs. information quan- 1107

tities. DIR optimizes prediction-space con- 1108

straints on scalar expert outputs (Eqs. (8)– 1109

(11)) alongside the task loss (Eq. ((2))); it 1110

does not estimate mutual information, and 1111

thus does not yield numerical PID decomposi- 1112

tions. 1113

• No fixed redundancy definition. PID de- 1114

pends on a redundancy function I∩ (Williams 1115

and Beer, 2010; Wollstadt et al., 2023). 1116

RIDER-MoE does not choose or estimate I∩, 1117

so the expert outputs cannot be interpreted as 1118

the PID atoms under any specific PID instan- 1119

tiation. 1120

• Masked views approximate “removal”. 1121

Masking operates at the representation level 1122

and is an approximation to removing a modal- 1123

ity. If MASKm is imperfect (e.g., carries un- 1124

intended cues), the intervention interpretation 1125

weakens. 1126

• Coarse PID categories. Full tri-source 1127

PID contains multiple redundancy and syn- 1128

ergy atoms across subsets of sources; our 1129

U/R/S split is a coarser grouping into 1130

modality-specific, robust shared, and full- 1131

view interaction-only pathways. 1132

• Constraints are soft. In practice, losses are 1133

weighted (Eq. ((3))) and optimized approx- 1134

imately; we therefore claim encouragement 1135

toward PID semantics, not a strict guarantee 1136

of disentanglement. 1137
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Practical Takeaway for the Main Text Claim.1138

When the main text says “PID-inspired/grounded,”1139

the intended claim is: PID provides principled se-1140

mantics for uniqueness/redundancy/synergy, and1141

DIR operationalizes these semantics via masked-1142

view invariances and residual constraints (Ap-1143

pendix A); we do not compute PID values or claim1144

strict equality to any particular PID decomposi-1145

tion.1146

B Additional Details for the Method1147

This appendix provides the full mathematical def-1148

initions and algorithmic details underlying the1149

Method in Section 3. We retain the notation from1150

the main text.1151

B.1 Reliability-Aware Router Details1152

We expand the reliability-aware routing scheme1153

introduced in Section 3.2.1154

B.1.1 Unimodal sentiment probes1155

For each modality m ∈ M, we attach a small1156

classification head to the encoder output hm:1157

ℓcls
m = W cls

m hm + bcls
m ∈ RK , (21)1158

where K is the number of discrete sentiment levels1159

used to discretize the continuous label (e.g., K = 71160

for scores in {−3, . . . , 3}). A softmax yields the1161

unimodal sentiment distribution1162

pm(k) =
exp(ℓcls

m,k)∑K
k′=1 exp(ℓ

cls
m,k′)

, k = 1, . . . ,K.

(22)1163

Let ỹ ∈ {1, . . . ,K} denote the discretized label.1164

The probe for modality m is trained with cross-1165

entropy1166

L(m)
cls = CE(pm, ỹ). (23)1167

B.1.2 Entropy-based modality reliability1168

From each unimodal distribution pm, we compute1169

the entropy1170

Hm = −
K∑
k=1

pm(k) log
(
pm(k) + ε

)
, m ∈M,

(24)1171

with a small ε > 0 for numerical stability. Lower1172

entropy corresponds to a sharper, more confident1173

unimodal prediction. We convert entropies into a1174

relative reliability distribution1175

Relm =
exp(−Hm)∑

m′∈M exp(−Hm′)
, m ∈M. (25)1176

B.1.3 Modality importance from fused 1177

context 1178

To capture how useful each modality appears from 1179

the perspective of the fused representation, we pre- 1180

dict modality importance directly from z(0). A 1181

linear layer followed by softmax yields 1182

u = Wimpz
(0) + bimp ∈ R3, (26) 1183

Impm =
exp(um)∑

m′∈M exp(um′)
, m ∈M. (27) 1184

B.1.4 Modality priors and reliability weights 1185

Reliability and importance are blended into a 1186

modality-level prior. Let α ∈ [0, 1] control their 1187

trade-off. We first form 1188

r̃m = αRelm + (1− α) Impm, m ∈M, (28) 1189

then normalize 1190

rm =
r̃m∑

m′∈M r̃m′
, r̄ =

1

3

(
rT + rA + rV

)
.

(29) 1191

The rm act as reliability-based weights for 1192

modality-specific regularization, and r̄ summarizes 1193

joint reliability of all three modalities. 1194

B.1.5 Consensus score from unimodal 1195

predictions 1196

We quantify agreement between modalities by com- 1197

paring each pm to the average distribution 1198

p̄ =
1

3

(
pT + pA + pV

)
. (30) 1199

For each modality, 1200

Dm = KL(pm ∥ p̄) =
K∑
k=1

pm(k) log
pm(k) + ε

p̄(k) + ε
,

(31) 1201

and the mean disagreement is 1202

Disagree =
1

3

(
DT +DA +DV

)
. (32) 1203

A scalar consensus score is then defined as 1204

cons_score = exp
(
− γ · Disagree

)
, γ > 0.

(33) 1205

High cons_score indicates that unimodal probes 1206

make similar predictions; low values reflect cross- 1207

modal conflict, where uniqueness (and, when ap- 1208

propriate, redundancy) experts should be empha- 1209

sized while the synergy expert is down-weighted 1210

to avoid propagating inconsistent signals. 1211
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B.1.6 Expert priors and log-prior injection1212

We summarize modality-level information into1213

expert-level priors. A feature vector1214

f =


Priormod

T

Priormod
A

Priormod
V

cons_score

 ∈ R4 (34)1215

is constructed from the modality priors1216

Priormod
m := rm and the consensus score. A1217

linear map produces expert logits1218

uexp = Wpriorf + bprior ∈ R5, (35)1219

which are converted into an expert prior distribution1220

Priorexp
e =

exp(u
exp
e )∑

e′∈E exp(u
exp
e′ )

, e ∈ E . (36)1221

In parallel, a parametric router network com-1222

putes base logits from the fused representation:1223

zrouter = frouter

(
z(0)

)
∈ R5. (37)1224

We inject the expert prior as a log-bias with strength1225

λp ≥ 0:1226

z̃router,e = zrouter,e+λp log
(
Priorexp

e +ε
)
, e ∈ E ,

(38)1227

and obtain the final routing probabilities by softmax1228

π(0)
e =

exp
(
z̃router,e

)∑
e′∈E exp

(
z̃router,e′

) . (39)1229

Thus the router remains trained end-to-end through1230

Ltask, while being softly guided by reliability- and1231

consensus-aware expert priors.1232

B.2 Interaction Experts and Masked Views1233

We provide the explicit construction of masked1234

views used in Section 3.3. After computing1235

(hT , hA, hV ), we construct four views indexed by1236

p:1237

• Full view (p = 0):1238

(h
(0)
T , h

(0)
A , h

(0)
V ) = (hT , hA, hV ).1239

• Text-masked view (p = −T ):1240

(h
(−T )
T , h

(−T )
A , h

(−T )
V ) = (MASKT , hA, hV ).1241

• Audio-masked view (p = −A):1242

(h
(−A)
T , h

(−A)
A , h

(−A)
V ) = (hT , MASKA, hV ).1243

• Vision-masked view (p = −V ): 1244

(h
(−V )
T , h

(−V )
A , h

(−V )
V ) = (hT , hA, MASKV ). 1245

Here MASKm is a fixed or randomly sampled vec- 1246

tor in the same space as hm that effectively removes 1247

modality m. 1248

For each view p ∈ {0,−T,−A,−V }, we reuse 1249

the same fusion module and experts: 1250

z(p) = ffuse
(
h
(p)
T , h

(p)
A , h

(p)
V

)
, (40) 1251

y(p)e = fe

(
z(p)

)
, e ∈ E . (41) 1252

All routing-related quantities are computed once 1253

from the full view (hT , hA, hV , z
(0)), and the re- 1254

sulting π(0) is reused for all views whenever rout- 1255

ing weights are needed in a loss. 1256

B.3 Disentangled Interaction Regularization 1257

Details 1258

We now provide the exact formulas for the DIR 1259

losses described in Section 3.4. 1260

B.3.1 PID-inspired invariance for uniqueness 1261

and redundancy 1262

For each modality m ∈ {T,A, V }, define the set 1263

of views where m is present: 1264

PT = {0,−A,−V },
PA = {0,−T,−V },
PV = {0,−T,−A}.

(42) 1265

We want the corresponding uniqueness expert 1266

Um to give consistent predictions across these 1267

views. For modality m, 1268

Luni,m =
1

|Pm| − 1

∑
p∈Pm\{0}

(
y
(0)
Um
− y

(p)
Um

)2
.

(43) 1269

The global uniqueness loss, weighted by modality 1270

reliability, is 1271

Luni =
∑
m∈M

rm Luni,m. (44) 1272

The redundancy expert R should capture infor- 1273

mation that persists when any single modality is 1274

perturbed. We therefore encourage its output to be 1275

stable across all four views. Let 1276

ȳR =
1

4

∑
p∈{0,−T,−A,−V }

y
(p)
R , (45) 1277
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and define1278

Lred = r̄ · 1
4

∑
p∈{0,−T,−A,−V }

(
y
(p)
R − ȳR

)2
. (46)1279

This variance penalty discourages R from encoding1280

modality-specific fluctuations; the only information1281

it can represent consistently is that which survives1282

dropping any single modality.1283

The PID-inspired invariance loss is1284

LPID = Luni + Lred. (47)1285

B.3.2 Synergy regularization1286

The second DIR component, Lsyn, enforces a syn-1287

ergy interpretation.1288

Synergy off under masking. When any modality1289

is masked, synergy should vanish. We penalize1290

non-zero synergy outputs on masked views:1291

Lsyn-off = r̄3 · 1
3

∑
p∈{−T,−A,−V }

(
y
(p)
S

)2
. (48)1292

The factor r̄3 emphasizes examples where all1293

three modalities are simultaneously reliable; when1294

modalities are noisy, synergy is not strongly con-1295

strained.1296

Residual fit on the full view. On the full view,1297

the synergy contribution should explain whatever1298

part of the label cannot be captured by the unique-1299

ness and redundancy experts. Let1300

ŷ
(0)
\S =

∑
e∈E\{S}

π(0)
e y(0)e , (49)1301

and define a residual target with stop-gradient1302

δ = y − sg
(
ŷ
(0)
\S

)
, (50)1303

where sg(·) denotes the stop-gradient operator. The1304

routed synergy contribution is encouraged to match1305

this residual:1306

Lsyn-res = r̄3
(
π
(0)
S y

(0)
S − δ

)2
. (51)1307

Because gradients are stopped through ŷ
(0)
\S , this1308

term updates only the synergy expert S and its1309

routing weight π(0)
S ; the other experts are optimized1310

solely via Ltask and LPID.1311

Total synergy loss. The synergy loss is1312

Lsyn = Lsyn-off + Lsyn-res. (52)1313

Together, Lsyn-off and Lsyn-res enforce that synergy1314

is silent when any modality is missing and acts as1315

an interaction-only correction on the full view.1316

Algorithm 1 Training and inference for reliability-
aware interaction MoE

1: Input: Mini-batch {(xT , xA, xV , y)}, model
parameters.

2: Training: For each mini-batch:
3: Encode each modality: hm ← gm(xm) for

m ∈ {T,A, V }.
4: Compute unimodal probe logits ℓcls

m , distri-
butions pm, entropies Hm, and losses L(m)

cls .

5: Form full fused representation z(0) ←
ffuse(hT , hA, hV ).

6: From z(0) and {pm}, compute modality pri-
ors rm, consensus score, expert priors Priorexp,
router logits, and routing probabilities π(0).

7: Construct masked encoder outputs
(h

(p)
T , h

(p)
A , h

(p)
V ) for p ∈ {−T,−A,−V } and

set (h(0)T , h
(0)
A , h

(0)
V ) = (hT , hA, hV ).

8: For each view p ∈ {0,−T,−A,−V }:
9: z(p) ← ffuse(h

(p)
T , h

(p)
A , h

(p)
V );

10: y
(p)
e ← fe(z

(p)) for all e ∈ E .
11: Compute Ltask using Eq. (2) and ŷ(0) from

Eq. (1).
12: Compute LPID and Lsyn from expert outputs

across views, always routing with π(0).
13: Form total loss L using Eq. (3) and update

all parameters by back-propagation.
14: Inference: For a test input (xT , xA, xV ):
15: Encode (hT , hA, hV ) and compute z(0).
16: Optionally compute probes and reliability

signals to obtain π(0).
17: Compute expert outputs y(0)e and final pre-

diction ŷ(0) =
∑

e π
(0)
e y

(0)
e .

B.4 Training Algorithm 1317

Algorithm 1 summarizes the training and inference 1318

procedure corresponding to Section 3. It uses the 1319

task loss in Eq. (2), the prediction in Eq. (1), and 1320

the regularization terms defined above. 1321

C Experiments 1322

C.1 Datasets 1323

CMU-MOSI consists of 2,199 monologue video 1324

samples, with 1,284 for training, 229 for validation, 1325

and 686 for testing. Acoustic and visual features 1326

are sampled at 12.5 Hz and 15 Hz, respectively. 1327

CMU-MOSEI includes 22,856 YouTube movie 1328

review clips, with 16,326 for training, 1,871 for 1329

validation, and 4,659 for testing. Acoustic and 1330
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visual features are sampled at 20 Hz and 15 Hz.1331

Both datasets have sentiment labels ranging from1332

-3 (highly negative) to 3 (highly positive).1333

C.2 Robustness stress-test protocols1334

We evaluate robustness using performance–severity1335

curves under three test-time stressors: Noise (ρ),1336

Missingness (m), and Cross-modal Conflict (c).1337

Unless otherwise stated, we apply the stressor to1338

the test set only (training remains unchanged) and1339

evaluate all methods on the same corrupted inputs1340

for fair comparison (i.e., we reuse the same cor-1341

rupted test set at each severity across methods).1342

Severity grids. We sweep ρ ∈ {0, 0.1, . . . , 0.5},1343

m ∈ {0, 0.2, . . . , 0.8}, and c ∈1344

{0, 0.25, 0.5, 0.75, 1.0}, matching § 4.2.1345

Noise (ρ): within-modality corruption. Noise1346

simulates sample-dependent quality degradation1347

while preserving modality availability. For text,1348

we randomly mask a fraction ρ of tokens (replac-1349

ing them with a dedicated [MASK] token or an1350

embedding-level mask used by the text encoder).1351

For audio and vision, we perturb continuous fea-1352

tures by (i) additive zero-mean Gaussian noise1353

whose standard deviation scales with ρ and (ii) tem-1354

poral dropout that zeros a fraction ρ of timesteps.1355

This produces a monotonic quality degradation1356

within each modality without explicitly removing1357

modalities.1358

Missingness (m): modality dropout. Missing-1359

ness simulates sensor failures by removing one or1360

more modalities at test time. For each test instance,1361

each modality m ∈ {T,A, V } is independently1362

dropped with probability m (we resample if all1363

three are dropped). Dropping a modality is imple-1364

mented by replacing its encoder output hm with1365

the same masking vector MASKm used to con-1366

struct masked views in §3.3 (Appendix B.2/B.3),1367

i.e., in the fused input we set the missing modal-1368

ity representation to MASKm and keep the other1369

modalities unchanged. All baselines receive the1370

same masked inputs; if a baseline includes an ex-1371

plicit missing-modality mechanism, we apply its1372

intended inference procedure on top of the masked1373

inputs.1374

Cross-modal Conflict (c): mismatched modal-1375

ities that break agreement. Conflict simulates1376

semantic disagreement by breaking cross-modal1377

consistency while keeping unimodal statistics real-1378

istic. With probability c, we replace one or more1379

non-text modalities (audio and/or vision) of a test 1380

instance with that from a different test instance, 1381

while keeping the original text and label fixed. To 1382

increase the likelihood of semantic conflict, we 1383

preferentially swap from an instance with oppo- 1384

site sentiment polarity (large label distance) when 1385

available. This preserves realistic marginal distri- 1386

butions for each modality but disrupts cross-modal 1387

alignment/agreement, directly probing whether a 1388

model can avoid harmful synergistic fusion under 1389

mismatch. 1390

C.3 Robustness summary metric: normalized 1391

AUC 1392

For a metric M(·) evaluated at a set of severities 1393

{s0 < s1 < · · · < sK} (e.g., s = ρ,m, c), we 1394

compute the (discrete) area under the performance– 1395

severity curve via the trapezoidal rule: 1396

AUC(M) =

K∑
k=1

(sk−sk−1)·
M(sk) +M(sk−1)

2
.

(53) 1397

We report normalized AUC by dividing by the sever- 1398

ity range: 1399

nAUC(M) =
AUC(M)

sK − s0
, (54) 1400

which is equivalent to the average performance over 1401

the severity grid when using trapezoidal integration. 1402

In the main paper, robustness AUC is reported for 1403

higher-is-better metrics (Acc-2 and Corr). 1404

C.4 DIR semantic-check metrics 1405

DIR is trained using the full view p = 0 and 1406

three masked views p ∈ {−T,−A,−V } (Ap- 1407

pendix B.3), but inference uses only the full view. 1408

For analysis (Figures 5), we additionally compute 1409

masked-view expert outputs at test time as diag- 1410

nostics, reusing the same encoders/fusion mod- 1411

ule. Let y(p)e denote the scalar output of expert 1412

e ∈ {UT , UA, UV , R, S} on view p, and let π(0) be 1413

the routing weights computed from the full view. 1414

(1) Uniqueness consistency: ∆Uavg. For each 1415

modality m ∈ {T,A, V }, define the set of 1416

views where m is present (as in Appendix B.3): 1417

PT = {0,−A,−V }, PA = {0,−T,−V }, PV = 1418

{0,−T,−A}. We measure how stable the corre- 1419

sponding uniqueness expert is across those views: 1420

∆Um = Ei

[
1

|Pm| − 1

∑
p∈Pm\{0}

∣∣∣y(0)Um
(i)− y

(p)
Um

(i)
∣∣∣].

(55)
1421
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and report ∆Uavg = 1
3

∑
m∈{T,A,V }∆Um.1422

Lower ∆U indicates less cross-modal leakage into1423

the uniqueness experts.1424

(2) Redundancy stability: Var(R). We measure1425

how invariant the redundancy expert is to removing1426

any single modality:1427

Var(R) = Ei

[
Varp∈{0,−T,−A,−V }

(
y
(p)
R (i)

)]
,

(56)1428

where Var is the sample variance over the four1429

views. Lower is better.1430

(3) Synergy off-under-masking: Off(S). Syn-1431

ergy should be silent on masked views; we quantify1432

unintended activation as1433

Off(S) = Ei

1

3

∑
p∈{−T,−A,−V }

∣∣∣y(p)S (i)
∣∣∣
 .

(57)1434

Lower is better.1435

(4) Synergy-as-residual: corr(π
(0)
S y

(0)
S , δ). On1436

the full view, DIR constrains the routed synergy1437

contribution to match the residual target δ = y −1438

sg(ŷ
(0)
\S ) defined in §3.4 (Appendix B.3), where1439

ŷ
(0)
\S =

∑
e̸=S π

(0)
e y

(0)
e . As a test-time diagnostic,1440

we compute δ with the same expression (the stop-1441

gradient is irrelevant for evaluation), and report the1442

Pearson correlation across test instances:1443

corr
(
π
(0)
S y

(0)
S , δ

)
= PearsonCorr

(
{π(0)

S (i)y
(0)
S (i)}i,

{δ(i)}i
)
.(58)

1444

Higher correlation indicates that synergy be-1445

haves as a residual correction rather than encoding1446

spurious unimodal information.1447

C.5 Implementation details1448

For CMU-MOSI and CMU-MOSEI, we utilize1449

300-dimensional GloVe language features (Pen-1450

nington et al., 2014) and 768-dimensional BERT-1451

base-uncased hidden states (Devlin et al., 2019).1452

Facet (Baltrušaitis et al., 2016) provides 35 facial1453

action unit visual features, and COVAREP (De-1454

gottex et al., 2014) offers 74-dimensional acoustic1455

features. The reported results use hyperparameters1456

selected on the validation set, and we report the cor-1457

responding test performance under the same train-1458

ing conditions (no test-set tuning). Experiments are1459

conducted on a PyTorch framework using an A1001460

GPU with 40GB memory, with a batch size of 321461

and training for 60 epochs. For all experiments, we 1462

use the AdamW optimizer. On CMU-MOSI, we 1463

set the MoE hidden size to dmodel = 128 and instan- 1464

tiate Transformer-based experts with Le = 4 lay- 1465

ers, He = 4 attention heads, feed-forward dimen- 1466

sion dff = 256, and dropout rate 0.3. The probe 1467

classifier uses K = 7 classes, and the reliability- 1468

aware routing adopts α = 0.7, γ = 1.0, and prior- 1469

injection weight λp = 1.0. The loss weights are 1470

λcls = 0.05, λPID = 0.05, and λsyn = 0.05. We 1471

use a learning rate of 3 × 10−4 with weight de- 1472

cay 5 × 10−4. On CMU-MOSEI, we increase 1473

the model capacity by setting dmodel = 512 and 1474

using Transformer experts with Le = 8 layers, 1475

He = 8 heads, dff = 1024, and dropout 0.3. The 1476

probe and router hyperparameters remain the same 1477

(K = 7, α = 0.7, γ = 1.0, λp = 1.0), while 1478

the loss weights are λcls = 0.1, λPID = 0.05, and 1479

λsyn = 0.05. We use a learning rate of 5 × 10−4 1480

with weight decay 1× 10−4. 1481

C.6 Hyperparameter Sensitivity 1482

We sweep the key routing and regularization hy- 1483

perparameters around the defaults used in all 1484

main experiments: prior-injection strength λp = 1485

1.0 and DIR weights λPID = λsyn = 0.05. 1486

We report the same clean metrics as Table 3 1487

(Acc-7/Acc-2/F1/MAE/Corr) and robustness sum- 1488

maries as normalized AUC (nAUC; ↑) under 1489

Noise/Missing/Conflict stress tests. 1490

As λp increases from 0, both clean and robust 1491

scores improve smoothly and then saturate close to 1492

the default. Removing the consensus term mainly 1493

affects Conflict robustness, consistent with Table 3. 1494

Across the tested neighborhood of (λPID, λsyn), 1495

robustness improves gradually from the w/o DIR 1496

baseline and peaks near the default. Ratio sweeps 1497

show the expected trade-off: emphasizing λPID 1498

helps Conflict more, while emphasizing λsyn more 1499

strongly benefits Noise/Missing. 1500

Takeaway. The model is most sensitive to dis- 1501

abling DIR entirely; moderate changes around the 1502

default loss weights yield small, smooth variations 1503

in both clean and robust metrics. Consensus fea- 1504

tures are particularly important for Conflict robust- 1505

ness, whereas masked-view training is necessary 1506

to realize the DIR benefits under distribution shift. 1507

Overall, the default setting is near a plateau in both 1508

routing and DIR sweeps, suggesting that the re- 1509

ported configuration is not finely tuned to a narrow 1510

hyperparameter choice. 1511
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Setting A7↑ A2↑ F1↑ MAE↓ C↑ N(C)↑ M(C)↑ Cf(C)↑ N(A2)↑ M(A2)↑ Cf(A2)↑

CMU-MOSI

λp = 0† 46.93 84.82 84.80 0.720 0.792 0.709 0.671 0.724 79.3 75.0 80.2
λp = 0.25 47.02 84.95 84.94 0.717 0.794 0.717 0.680 0.729 80.1 76.0 80.7
λp = 0.5 47.08 85.04 85.03 0.716 0.795 0.722 0.686 0.731 80.6 76.6 80.9
λp = 0.75 47.11 85.09 85.09 0.715 0.796 0.725 0.689 0.733 80.9 77.0 81.1
λp = 1.0 (default)† 47.13 85.12 85.12 0.714 0.796 0.727 0.691 0.734 81.1 77.2 81.2
λp = 1.5 47.12 85.11 85.10 0.714 0.796 0.726 0.690 0.734 81.0 77.1 81.1
λp = 2.0 47.11 85.08 85.08 0.715 0.796 0.725 0.689 0.733 80.9 76.9 81.1
w/o consensus term† 47.03 84.92 84.90 0.718 0.793 0.721 0.683 0.704 80.5 76.4 78.3

CMU-MOSEI

λp = 0† 55.1 85.45 85.38 0.535 0.768 0.696 0.654 0.707 80.0 75.8 81.1
λp = 0.25 55.2 85.55 85.49 0.533 0.770 0.705 0.664 0.712 80.9 76.9 81.6
λp = 0.5 55.2 85.61 85.56 0.532 0.771 0.710 0.670 0.715 81.5 77.5 82.0
λp = 0.75 55.3 85.65 85.60 0.531 0.772 0.713 0.673 0.718 81.8 78.0 82.2
λp = 1.0 (default)† 55.3 85.67 85.61 0.531 0.772 0.715 0.676 0.719 82.0 78.2 82.3
λp = 1.5 55.3 85.66 85.60 0.531 0.772 0.714 0.675 0.719 81.9 78.1 82.2
λp = 2.0 55.3 85.64 85.58 0.531 0.772 0.712 0.673 0.718 81.8 77.9 82.2
w/o consensus term† 55.2 85.50 85.44 0.534 0.769 0.709 0.668 0.685 81.2 77.2 79.0

Table 4: Sensitivity of reliability-aware routing to the log-prior injection strength λp and to the presence of the
consensus feature in the expert prior. Unless stated otherwise, all other hyperparameters are kept at their defaults,
including λPID = λsyn = 0.05. Robustness columns report normalized AUC (nAUC; higher is better) over the
Noise/Missing/Conflict severity grids. Rows marked † are directly reported in Table 3.

D Computational Overhead1512

All experiments use a single NVIDIA A1001513

(40GB) with batch size 32 for 60 epochs and1514

AdamW. Training uses four views per step (p ∈1515

0,−T,−A,−V ): masked views replace the corre-1516

sponding modality encoder output with a MASK1517

vector (no re-encoding), unimodal encoders run1518

once, routing/probe quantities are formed on the1519

full view and reused across views, and the fusion1520

module plus experts run once per view. Inference1521

uses only the full view (no masked views, no DIR),1522

matching a single MoE forward pass.1523

Training steps and view-level forwards (fu-1524

sion+experts). CMU-MOSI (train=1,284): 411525

steps/epoch, 2,460 total steps; 9,840 view-forwards1526

(baseline single-view: 2,460). CMU-MOSEI1527

(train=16,326): 511 steps/epoch, 30,660 total1528

steps; 122,640 view-forwards (baseline single-1529

view: 30,660). Compute overhead. Rela-1530

tive to single-view training, fusion+experts for-1531

ward/backward compute is 4.0× while unimodal1532

encoders and router/probes remain 1.0×; overall1533

training step-time multiplier is 2.80×.1534
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Setting A7↑ A2↑ F1↑ MAE↓ C↑ N(C)↑ M(C)↑ Cf(C)↑ N(A2)↑ M(A2)↑ Cf(A2)↑

CMU-MOSI

w/o DIR (λPID = 0, λsyn = 0)† 46.33 84.22 84.18 0.734 0.784 0.694 0.652 0.700 77.8 72.9 78.6
λPID = λsyn = 0.01 46.55 84.45 84.42 0.729 0.787 0.700 0.660 0.706 78.7 73.8 79.1
λPID = λsyn = 0.03 46.93 84.84 84.83 0.720 0.792 0.711 0.674 0.717 80.0 75.5 80.0
λPID = λsyn = 0.05 (default)† 47.13 85.12 85.12 0.714 0.796 0.727 0.691 0.734 81.1 77.2 81.2
λPID = λsyn = 0.08 47.09 85.08 85.07 0.715 0.795 0.725 0.689 0.732 80.9 76.9 81.1
λPID = λsyn = 0.10 47.05 85.03 85.03 0.716 0.794 0.724 0.687 0.731 80.8 76.8 80.9
λPID = 0.02, λsyn = 0.05 46.88 84.76 84.75 0.721 0.793 0.716 0.680 0.719 80.5 76.5 79.8
λPID = 0.05, λsyn = 0.02 46.83 84.71 84.70 0.722 0.792 0.714 0.677 0.724 80.2 75.9 80.4
λPID = 0.02, λsyn = 0.08 46.90 84.78 84.77 0.721 0.793 0.717 0.681 0.721 80.6 76.5 80.0
λPID = 0.08, λsyn = 0.02 46.87 84.75 84.74 0.722 0.792 0.716 0.679 0.725 80.3 76.0 80.5
w/o LPID

† 46.63 84.52 84.50 0.726 0.788 0.715 0.678 0.709 79.9 75.6 78.9
w/o Lsyn

† 46.73 84.62 84.60 0.724 0.790 0.707 0.664 0.717 79.1 74.6 79.8
w/o Lsyn-off† 46.88 84.78 84.76 0.721 0.791 0.709 0.657 0.724 79.4 74.2 80.2
w/o Lsyn-res† 46.43 84.32 84.30 0.731 0.786 0.716 0.682 0.725 80.0 76.0 80.4
w/o masked views† 46.23 84.12 84.08 0.737 0.782 0.690 0.646 0.695 77.4 72.2 78.2

CMU-MOSEI

w/o DIR (λPID = 0, λsyn = 0)† 54.4 84.70 84.62 0.548 0.758 0.684 0.635 0.688 78.4 73.4 79.4
λPID = λsyn = 0.01 54.6 84.92 84.85 0.544 0.761 0.690 0.643 0.694 79.3 74.3 79.9
λPID = λsyn = 0.03 55.0 85.31 85.24 0.537 0.766 0.701 0.658 0.706 80.6 76.1 80.9
λPID = λsyn = 0.05 (default)† 55.3 85.67 85.61 0.531 0.772 0.715 0.676 0.719 82.0 78.2 82.3
λPID = λsyn = 0.08 55.2 85.62 85.56 0.532 0.771 0.713 0.674 0.717 81.8 77.9 82.1
λPID = λsyn = 0.10 55.2 85.56 85.50 0.533 0.770 0.712 0.672 0.716 81.6 77.7 82.0
λPID = 0.02, λsyn = 0.05 55.0 85.34 85.28 0.536 0.768 0.705 0.664 0.708 81.0 77.3 80.9
λPID = 0.05, λsyn = 0.02 55.0 85.34 85.28 0.536 0.768 0.705 0.663 0.713 81.0 76.7 81.4
λPID = 0.02, λsyn = 0.08 55.0 85.38 85.32 0.535 0.769 0.707 0.666 0.709 81.2 77.2 81.1
λPID = 0.08, λsyn = 0.02 55.0 85.38 85.32 0.535 0.769 0.707 0.665 0.714 81.2 76.8 81.6
w/o LPID

† 54.8 85.05 84.98 0.540 0.763 0.704 0.662 0.693 80.9 76.6 79.6
w/o Lsyn

† 54.9 85.10 85.02 0.539 0.765 0.694 0.646 0.706 79.8 74.9 80.7
w/o Lsyn-off† 55.0 85.38 85.30 0.536 0.767 0.696 0.644 0.710 80.1 74.8 81.0
w/o Lsyn-res† 54.6 84.92 84.84 0.545 0.762 0.704 0.664 0.710 80.8 76.8 81.4
w/o masked views† 54.3 84.60 84.52 0.550 0.756 0.679 0.631 0.683 77.8 72.6 78.7

Table 5: Sensitivity to DIR weights λPID and λsyn, including ratio sweeps and component controls. Unless stated
otherwise, λp is fixed to the default 1.0. Robustness is summarized by nAUC over Noise/Missing/Conflict. Rows
marked † are directly reported in Table 3.

Dataset Params FP32 MiB FP16 MiB Train-state MiB

CMU-MOSI 1,522,299 5.81 2.90 23.23
CMU-MOSEI 12,011,259 45.82 22.91 183.28

Table 6: Parameter count and parameter-related mem-
ory footprint (MiB; 1 MiB = 220 bytes). Train-state
uses mixed precision with AdamW (16 bytes/parameter:
fp16 weights, fp32 master, fp16 grads, fp32 m/v).
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