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Abstract

Multimodal Sentiment Analysis (MSA) aims
to infer human sentiment from textual, acous-
tic, and visual signals. In real-world scenarios,
however, multimodal inputs are often compro-
mised by dynamic noise or modality missing-
ness. Existing methods typically treat these
imperfections as discrete cases or assume fixed
corruption ratios, which limits their adaptabil-
ity to continuously varying reliability condi-
tions. To address this, we first introduce a
Continuous Reliability Spectrum to unify miss-
ingness and quality degradation into a sin-
gle framework. Building on this, we propose
QA-MoE, a Quality-Aware Mixture-of-Experts
framework that quantifies modality reliability
via self-supervised aleatoric uncertainty. This
mechanism explicitly guides expert routing, en-
abling the model to suppress error propagation
from unreliable signals while preserving task-
relevant information. Extensive experiments
indicate that QA-MOoE achieves competitive
or state-of-the-art performance across diverse
degradation scenarios and exhibits a promising
One-Checkpoint-for-All property in practice.

1 Introduction

Multimodal Sentiment Analysis (MSA) is a base of
human-centric computing, which aims to explain
complex emotional states by integrating Textual
(1), Vision (V'), and Acoustic (A) (Sun and Tian,
2025; Yang et al., 2024; Zhang et al., 2025; He
et al., 2025b; Jiang et al., 2026). With recent ad-
vances in multimodal learning (Chen et al., 2023;
Mizrahi et al., 2023; Zhu et al., 2024), MSA mod-
els (Fang et al., 2025; He et al., 2025a) can better
exploit the complementary signals across modali-
ties and capture subtle affective cues that unimodal
systems often miss, narrowing the gap between
human expression and machine understanding.
However, unlike the clean and complete data
found in laboratory settings, real-world multimodal
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Figure 1: The Continuous Reliability Spectrum unifies
three evaluation protocols defined by noise intensity ()
and missing rate (1), and inputs from Text, Audio, and
Vision are processed as imperfect multimodal inputs.

signals are often noisy or incomplete. Most exist-
ing models rely on the assumption of ideal inputs,
creating a significant gap between constrained train-
ing conditions and the complexities of practical
application (Zhao et al., 2021; Xu et al., 2024).
In practice, modality noise fluctuates dynamically
due to environmental interference, while data in-
completeness frequently arises from sensor failures.
These uncertainties often manifest as a stochastic
mixture, where noise and missingness co-occur
non-uniformly across samples (Figure. 1). Cru-
cially, these data defects are not discrete categories,
but instead exist across a broad range of intensities,
ranging from subtle noise to the total loss of signal.

To tackle these reliability issues, earlier efforts
have primarily focused on explicit data imputa-
tion, employing reconstruction methods (Cai et al.,
2018; Lian et al., 2023; Guo et al., 2024) to recover
missing modalities from the remaining observed
signals. Recent advancements have pivoted toward
architectural robustness, leveraging Bayesian meta-
learning (Ma et al., 2021), diffusion models (Wang
et al., 2023), and attention mechanisms (Mai et al.,
2025) to directly learn from imperfect inputs. Nev-
ertheless, these approaches still suffer from two
critical limitations: (1) Quality-Agnostic Extrac-
tion. Existing models typically derive representa-
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tions from raw inputs without explicitly modeling
their reliability. Consequently, they fail to disentan-
gle task-relevant semantics from non-informative
noise, causing the model to capture spurious noisy
artifacts rather than robust affective cues. (2) Fixed-
Ratio Bias. These methods are optimized for spe-
cific, predefined corruption ratios seen during train-
ing. This rigidity prevents them from adapting to
the fluctuating noise intensities in the wild, lead-
ing to severe performance drops when test-time
reliability deviates from training protocols.

To bridge these gaps, we propose a unified frame-
work centered around a Continuous Reliability
Spectrum (Figure. 1). Rather than treating data
imperfections as discrete cases, we conceptually
map diverse defects onto this continuous spectrum,
unifying three distinct evaluation protocols: Modal-
ity Missingness, Quality Degradation, and Stochas-
tic Mixture. This perspective allows us to evaluate
model robustness in a more holistic and realistic
manner. Building upon this unified view, we intro-
duce the Quality-Aware Mixture of Experts (QA-
MoE). To move beyond traditional semantic-only
routing, we incorporate a self-supervised reliability
quantification module that utilizes aleatoric uncer-
tainty to generate dynamic quality scores. These
scores explicitly guide the MoE computation, trans-
forming the routing process into a quality-aware
aggregation. By weighting semantic gating with
these reliability metrics, the framework effectively
suppresses expert activation for unreliable inputs
while prioritizing task-relevant signals. Finally,
extensive experiments on MSA and Multimodal
Intent Recognition (MIR) tasks demonstrate that
QA-MoE achieves superior performance, validat-
ing the robustness and versatility of the proposed
framework. Notably, evaluations across the com-
prehensive settings of the reliability spectrum re-
veal that our model effectively navigates varying
levels of noise and missingness, establishing a One-
Checkpoint-for-All capability. This signifies that
a single trained model can generalize to arbitrary,
unseen degradation intensities without retraining
or specialized fine-tuning. The main contributions
of our work are summarized as follows:

* We propose the Continuous Reliability Spec-
trum to unify modality missingness and qual-
ity degradation into a framework, moving be-
yond traditional treatment of discrete defects.

* We introduce a quality-aware mixture-of-
experts framework, QA-MOoE, in which self-

supervised reliability estimation derived from
aleatoric uncertainty explicitly guides routing
to adapt expert aggregation to input quality.

* Extensive experiments on MSA benchmarks
(CMU-MOSI, CMU-MOSEI) and cross-task
datasets (IEMOCAP, MIntRec) show that our
model achieves state-of-the-art performance,
and exhibits a One-Checkpoint-for-All capa-
bility, generalizing across a wide range of
noise levels and missing rates.

2 Related Work

2.1 Multimodal Sentiment Analysis

MSA integrates heterogeneous signals from lan-
guage, vision, and acoustics to infer human emo-
tions. Early work modeled explicit cross-modal
interactions via tensor fusion (Zadeh et al., 2017).
Transformer-based architectures (Tsai et al., 2019;
Zhang et al., 2023) later advanced the field through
cross-modal attention for aligning asynchronous
streams. More recently, representation learning
approaches (Zhu et al., 2025a) have emphasized
disentanglement (Hazarika et al., 2020; Zhu et al.,
2025b) and self-supervised objectives (Yang et al.,
2024; He et al., 2025b) to reduce redundancy. How-
ever, most methods still assume complete and
noise-free modalities. In contrast, we develop a
unified framework that explicitly estimates signal
reliability and operates across a continuous spec-
trum of degradation.

2.2 Imperfect Multimodal Learning

Real-world deployments often involve missing or
noisy modalities. Early work addressed these im-
perfections through data imputation (Cai et al.,
2018; Ma et al., 2021), reconstructing missing
views via generative models; however, such meth-
ods are computationally expensive and vulnerable
to distribution shift-induced hallucination (Guo
et al., 2024). Subsequent research shifted toward
robust representation learning, down-weighting cor-
rupted features via attention (Mai et al., 2025) or
auxiliary objectives (Wang et al., 2023), yet these
approaches still struggle under severe noise. More
recently, Mixture-of-Experts or Adapters have been
adopted for multimodal learning (Xu et al., 2024;
Chen et al., 2025), but existing routers are purely
semantics-driven and fail to distinguish informa-
tive signals from corruption. To address this, we
introduce a self-supervised quality signal into the
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routing process in order to enable effective isola-
tion of unreliable modalities.

3 Methodology

3.1 Preliminaries

To bridge the gap between idealized laboratory
benchmarks and unpredictable real-world scenar-
ios, we establish a foundational framework from
standard encoding to reliability analysis.
Standard Multimodal Encoding. Given a mul-
timodal dataset D = {(X;, yz)}f\il each sample
X; comprises Textual (¢), Audio (a), and Video
(v) modalities. Following standard protocols (Tsai
etal., 2019), we employ pre-trained unimodal en-
coders Epcitq,0) to extract the raw feature se-
quences u,, € RZmXdm_ In conventional lab-
controlled settings, these extracted features are im-
plicitly assumed to be complete and pristine.
From Ideal to Real. However, to capture the dy-
namic nature of real-world noise, we depart from
this idealization. We first introduce the Continu-
ous Reliability Spectrum (Sec. 3.2) to conceptu-
ally unify diverse data defects. Subsequently, we
formalize this concept through Stochastic Imper-
fection Modeling (Sec. 3.3), which provides the

theoretical basis for our evaluation protocols.

3.2 Continuous Reliability Spectrum

Considering that noise and missingness often occur
simultaneously in real-world scenarios, we pro-
pose a unified reliability spectrum shown in Fig-
ure 1(left) to conceptually map these diverse im-
perfections onto a single latent measure. Instead of
treating defects as discrete categories, we quantify
the input quality by a Latent Reliability Score
rm € (0,1]:

Degradation o< 1 — 7y, (D)

We define three characteristic phases along this
spectrum based on 7,,,: High Quality (r,, ~ 1):
Ideal clean data found in lab settings. Quality
Degradation (r,,, € (0,1)): Data corrupted by
noise intensity A,,. Availability Limit (r,,, — 0):
Data subject to modality missingness rate ).

3.3 Stochastic Imperfection Modeling

Based on the unified spectrum, we formulate the
real-world environment not as a static dataset, but
as a Stochastic Degradation Process. For any
input sample u,,, the imperfect representation ,,

is generated via a transformation function 7
u,y, = (1 - ]Imiss) : (um + em) (2)

Imiss ~ Bernoulli(n) here is a binary vari-
able indicating modality absence. The term
€n ~ N(0,0%(\,)I) represents the additive
noise, where the variance is governed by the degra-
dation intensity A,,.This formulation unifies three
distinct evaluation protocols representing different
subspaces of the reliability spectrum:

Protocol I: Modality Missingness. We focus on
binary availability by setting €,,, = 0 and varying
the missing rate n to simulate scenarios such as
sensor failure or packet loss.

Protocol II: Quality Degradation. We focus on
signal fidelity by fixing I;ss = 0 and varying the
noise intensity A,,. This simulates noisy environ-
ments where the modality is present but unreliable.
Protocol II1: Stochastic Mixture. We sample both
A and 1) from a joint distribution P.,,(A, 7). In
this setting, input signals are subject to random
combinations of noise corruption and modality un-
availability, reflecting complex in-the-wild dynam-
ics.

3.4 Quality-Aware Mixture of Experts

To effectively navigate the continuous reliability
spectrum, we introduce the QA-MoE framework.
Unlike standard deterministic models (Shi and
Zhang, 2025; Zhang et al., 2024), QA-MOoE op-
erates under a probabilistic principle: it decouples
the input representation into a semantic signal and
an uncertainty measure, which is used to explicitly
guide the computation flow.

3.4.1 Probabilistic Feature Modeling

Under our stochastic degradation process (Sec.
3.3), u,, is inevitably influenced by varying de-
grees of noise. To model the inherent uncertainty,
we project the feature space onto a multivariate
Gaussian distribution:

p(zm|um) = N(Zm; o dlag("%@)) (3)

, where z,, is the latent representation. We employ
two parallel affine transformations to estimate the
distribution parameters:

M = W,uum + b/,L “4)
o2, = Softplus(W,u,, + b,) )
s W6 € R¥*? and b, /s € R here are learnable

projection matrices and bias terms. Specifically,
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Figure 2: Overview of QA-MOoE. (A) Probabilistic Feature Modeling encodes inputs as distributions to capture the
uncertainty. (B) Quality-Aware Routing calculates a quality score r,,, to guide the expert selection. (C) Dual-Branch
Prediction outputs both the prediction and uncertainty to optimize the model via heteroscedastic regression.

I, extracts the clean semantic signal, while o2,
quantifies the inherent uncertainty. High variance
values indicate unreliable or missing inputs, serv-
ing as a dynamic quality indicator to guide the
subsequent routing.

3.4.2 Quality-Aware Routing Mechanism

To solve the limitations of static computation, we
design a quality-aware adaptive routing mechanism
to dynamically align expert contribution with input
reliability. It involves two key steps: quality quan-
tification and modulating the expert aggregation.
Quality Quantification. First, we derive a scalar
quality score 7, € (0, 1] to explicitly quantify the
reliability of the input modality. Since the variance
o2, serves as an indicator of uncertainty, the quality
is naturally modeled as inversely proportional to
the aggregate variance:

1

= 1 ~~d 2
[ DI

(6)

Tm

This formulation creates a bounded metric: when
the input is clean, r,,, — 1; conversely, as degrada-
tion intensifies and variance explodes, r,, asymp-
totically decays to 0.
Selective Expert Aggregation. Next, we integrate
the score into the MoE computation. We employ a
bank of N experts { E;}¥,, where each expert is
instantiated as a GLU to capture complex semantic
patterns. A routing network computes the gating
weights g(p,,,) = Softmax(W g, ) based on the
semantic centroid.

Crucially, we introduce 7, as a global suppres-
sion coefficient and the output y,,, is computed via

a smooth interpolation:

N
Ym =Tm- Z gz(“m)EZ(Hm) + (1 - Tm) ) Yprior

i=1

(7N
Here, y,rior 1 a learnable global static embedding,
which captures a dataset-level semantic consen-
sus independent of specific inputs. This allows
the model to smoothly interpolate between the
instance-specific prediction and this stable refer-
ence to mitigate the risk of overfitting to noise.

3.4.3 Dual-Branch Prediction

After obtaining the refined expert outputs y,, for
all modalities, we aggregate them into a unified
multimodal representation h;,,; via a standard
fusion layer.

To enable the heteroscedastic regression objec-
tive (detailed in Sec. 3.5), the model must output
not only a sentiment score but also a confidence
measure. Therefore, we design a dual-branch re-
gression head that decouples the prediction of value
and total uncertainty:

g = Wyhfz'nal + by (8)
S final = Wshfinal + bs )

Here,  and s f;,,,; is the predicted sentiment score
and log-variance. S finq acts as a learned estimator
of the total prediction uncertainty for the current
sample, which is used to dynamically weigh the
gradient updates during optimization.

3.5 Training and Optimization

To empower QA-MOoE with the capability to gen-
eralize across the continuous reliability spectrum

31692



in Sec. 1, we propose a unified learning framework
that integrates a dynamic data augmentation strat-
egy with a uncertainty-aware objective function.
Spectrum-Aware Training Strategy. Instead of
relying on perfect datasets, we construct a dynamic
training process to simulate real-world imperfec-
tions according to Sec 3.3. Specifically, for each
training batch, we randomly inject noise and mask
modalities with varying probabilities. This ex-
poses the router to the full reliability spectrum dur-
ing optimization. Detailed protocols for Spectrum
Dataset generation are provided in Appendix A.1.
Optimization Objectives. To effectively train the
QA-MOoE framework under the Stochastic Degra-
dation Protocol, we treat the model’s output as a
Gaussian distribution rather than a deterministic
point estimate. ¢ and S;,4 derived in Sec. 3.4.3
are used to minimize the Negative Log-Likelihood
(NLL) of the ground truth y. The total loss £ es-
tablishes a self-supervised feedback loop, which is
formulated as:

L= 1 - 1 —Sfinal,i ~v2 L
- N ZZ; <26 (yz yz) + 2sznal,z>
(10)
For noisy inputs with large errors, reducing £
forces syinq to increase. The gradient backprop-
agates to elevate the variance o, which directly
reduces the quality score r,,. Consequently, the
router learns to suppress experts for degraded data
without manual labels.

4 Experiments

4.1 Experimental Setup

4.1.1 Datasets and Feature Extraction

To evaluate the robustness of our frame-
work, we conduct experiments on four bench-
marks: CMU-MOSI (Zadeh et al., 2016), CMU-
MOSEI (Bagher Zadeh et al., 2018), IEMO-
CAP (Busso et al., 2008), and MIntRec (Zhang
et al., 2022). Regarding feature extraction, we
strictly adhere to the standard protocols from prior
literature (Tsai et al., 2019; Hazarika et al., 2020).
Detailed description, statistics and other informa-
tion are provided in Appendix A.2.

4.1.2 Implementation Details

We give brief information about the baselines, met-
rics and the implementation. And the detailed de-
scription is provided in Appendix A.3.

Baselines. To verify the performance of our frame-
work, we compare it against a comprehensive set
of baselines categorized into two groups:

(1) Standard Multimodal Learning, under com-
plete modalities, including TFN (Zadeh et al.,
2017), LMF (Liu et al., 2018), MulT (Tsai et al.,
2019), MISA (Hazarika et al., 2020), MMIM (Han
et al.,, 2021), EMOE (Fang et al., 2025) and
MMA (Chen et al., 2025).

(2) Imperfect Multimodal Learning, which is
specifically designed for missing or noisy scenarios,
including MulT (Tsai et al., 2019), MCTN (Pham
et al., 2019), MISA (Hazarika et al., 2020),
MMIN (Zhao et al., 2021), C-MIB (Mai et al.,
2023), IMDER (Wang et al., 2023), Multimodal-
Boosting (Mai et al., 2024), MoMKE (Xu et al.,
2024), SAM-LML (Mai et al., 2025) and PaSE (He
et al., 2025a).

Evaluation Metrics. For CMU-MOSI and CMU-
MOSEI, we follow (Tsai et al., 2019) to evaluate
our method by using the metrics: 7-class Accuracy
(ACCy), Binary Accuracy (ACCs), F1-score (Fy),
and Mean-absolute Error (MAE). For MIntRec, we
follow the standard protocol (Sun et al., 2024) to
evaluate the results via: ACC and F;. For IEMO-
CAP (Liang et al., 2021), we use the average ACC
and F; as evaluation metrics.

Implementation Details. All models are imple-
mented using PyTorch and trained on six NVIDIA
RTX 4090 GPUs. We employ the Adam optimizer
with a dropout rate of 0.1 to prevent overfitting.
For QA-MOoE, we construct the expert bank with
N = 8 GLU-based experts. The dual-path router
is configured to activate the top-k (k = 3) experts
for sparse computation.

4.2 Performance on Standard Benchmarks

To ensure a fair evaluation of the architectural ef-
fectiveness, both the baselines and QA-MoE are
trained on the original clean datasets without any
degradation injection. Table 1 presents the perfor-
mance comparison on aligned CMU-MOSI, CMU-
MOSEI(unaligned is shown in Appendix A.4.1)
and MIntRec. On CMU-MOSI, our method sur-
passes the MMA by a improvement of 6.7% in
ACC7 and 1.2% in F; score. On other datasets,
QA-MOoE also outperforms prior methods consis-
tently. It also indicates that the advantages are from
the intrinsic design of our framework rather than
data augmentation strategies.
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Models CMU-MOSI CMU-MOSEI MIntRec

ACC; 1 ACCy+ F; 1 MAE| Corrt | ACC;1t ACCyt Fi 1t MAE] Corrt | ACCT Fpt
TENT 31.9 788 789 0953 0.698 | 509 80.4 807 0574 0.700 -
LMF' 36.9 787 787 0931  0.695 52.3 847 845 0564 0.677 - -
MulTf 35.1 80.0 80.1 0936 0.711 52.3 827 828 0572 - 726  69.5
MISAT 41.8 842 842 0754 0.761 52.3 853 851 0543 0756 | 724 708
MMIMT | 458 84.6 845 0.717 - 50.1 83.6 835 0.580 - - -
EMOE 477 854 854 0.710 - 54.1 853 853 0.536 - 726  70.7
MMA 46.9 86.4 864 0.693 0.803 552 857 857 0529 0.766 - -
Ours 53.6 882 876 0.579 0817 | 584 871 871 0477 0791 | 753 722

Table 1: Experimental results on CMU-MOSI, CMU-MOSEI, and MIntRec datasets. The results marked with T are
retrieved from Fang et al. (2025), and those with ¥ are cited from Chen et al. (2025).

‘ Models

Testing Condition (Available Modalities)

Datasets Avg.
\ G {a} {v} {t.a} {t.v} {a,v} {t.av} |

MulT 62.4/63.7 49.7/51.6 48.9/45.7 68.3/69.4 67.8/68.3 56.3/55.8 70.1/70.5 60.5/60.7

MISA 66.5/68.0 56.5/59.0 52.5/51.6 729/75.1 72.6/73.6 63.9/65.4 74.2/74.5 65.5/66.7

IEMOCAP MMIM 67.0/68.2 55.0/53.2 51.9/504 74.0/75.4 72.6/73.6 65.3/66.5 75.5/75.8 65.9/66.1

Ours 71.2/72.3 58.2/59.1 54.6 /53.8 75.1/75.3 73.8/74.1 66.9/66.8 77.1/77.3 68.1/68.4
MCTN 79.10/79.20 56.10/54.50 55.00/54.40 81.00/81.00 81.10/81.20 57.50/57.40 81.40/81.50 | 68.30/67.95
MMIN 83.80/83.80 55.30/51.50 57.00/54.00 84.00/84.00 83.80/83.90 60.40/58.50 84.60/84.40 | 72.72/69.28
IMDer 84.80/84.70 62.00/62.20 61.30/60.80 85.40/85.30 85.50/85.40 63.60/63.40 85.70/85.60 | 73.77/73.63
CMU-MOSI | MoMKE | 86.59/86.52 63.19/58.61 63.35/63.34 87.20/87.17 87.04/87.00 64.04/64.66 87.96/87.89 | 75.24/74.55
PaSE 84.70/84.23 60.01/58.79 61.43/61.50 86.71/86.79 87.14/86.99 63.35/63.32 88.32/88.25 | 73.89/73.60
Ours 87.24/87.35 63.73/60.71 62.58/62.42 88.51/87.64 88.11/88.15 65.69/65.20 89.97/89.02 | 77.98/77.21
MCTN 82.60/82.80 62.70/54.50 62.60/57.10 83.50/83.30 83.20/83.20 63.70/62.70 84.20/84.20 | 73.05/70.60
MMIN 82.30/82.40 58.90/59.50 59.30/60.00 83.70/83.30 83.80/83.40 63.50/61.90 84.30/84.20 | 71.92/71.75
IMDer 84.50/84.50 63.80/60.60 63.90/63.60 85.10/85.10 85.00/85.00 64.90/63.50 85.10/85.10 | 76.00/75.30
CMU-MOSEI | MoMKE | 86.46/86.43 72.56/71.03 70.12/70.23 86.68/86.61 86.79/86.69 73.34/71.82 87.12/87.03 | 79.33/78.80
PaSE 84.36/84.08 69.04/68.56 68.69/68.74 86.47/86.42 86.73/86.45 72.03/71.90 88.10/87.96 | 77.89/77.69
Ours 87.61/87.57 73.01/72.77 71.38/71.07 87.78/87.78 87.91/87.89 73.24/73.19 88.93/89.01 | 81.41/81.33

Table 2: Performance comparison under various modality missingness scenarios. The values denote ACCz/F;. The
testing conditions indicate the available modalities (e.g., {¢} means only Textual is available).

4.3 Performance under Specific Imperfections

4.3.1 Evaluation on Protocol I

To evaluate the model robustness against modality
missingness, we adopt Protocol I. ACCording to
(Wang et al., 2023), it has been divided into two
commonly-used protocols.:

Fixed Missing Protocol. It is designed to stimu-
late permanent sensor failure during inference. We
test the models on all possible subsets of modal-
ities obtained from the original modality dataset.
The results in Table 2 reveal that baseline models
suffer great degradation without fext. In contrast,
QA-MOoE exhibits remarkable stability. Taking the
{a,v} setting as an example, the quality-aware
router implicitly detects the missing text modal-
ity as having extreme aleatoric uncertainty. Con-
sequently, the quality score r; asymptotically ap-
proaches zero, which automatically reduces the
uninformative text branch. It proves that our model
does not rely on a single modality but treats all

modalities independently.

Random Missing Protocol. Consistent with (Lian
et al., 2023), we keep the same missing rate n dur-
ing training, validation, and testing phases. Ta-
ble 3 reports the performance under varying miss-
ing rates 1 from 10% to 70%. Compared with
SAM-LML dropping 19.2% on CMU-MOSI as
shifts from 10% to 70%, QA-MOoE achieves an aver-
age ACCy of 42.0%, which surpasses the strongest
baseline by a substantial margin of 6.1%. It in-
dicates that for each specific sample, our model
can focus on the existing modalities, ensuring the
high-fidelity inference in severe data sparsity.

4.3.2 Evaluation on Protocol II

To comprehensively evaluate model robustness
against modality noise, we adopt the diverse noise
injection protocol established in (Mai et al., 2025).
The Noise Intensity A varies from 0.1 to 0.7, con-
trolling the intensity of the degradation. We com-
pare QA-MoE against state-of-the-art robust frame-
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Dataset ‘ Models

Random Missing Rate (7))

Avg.
\ 10% 20% 30% 40% 50% 60% 0% |
MCTN 39.8/78.5 385/757 355/71.2 329/67.6 31.2/64.8 29.7/62.5 27.5/59.0 | 33.6/68.5
.
8 MMIN 41.2/81.8 389/79.1 369/762 349/71.6 342/66.5 29.1/64.0 28.4/61.0 | 34.5/71.5
EI IMDer 42.1/83.4 41.6/80.5 374/77.6 352/66.3 295/654 27.0/655 265/604 |342/71.3
E MoMKE 35.1/81.6 329/76.6 30.6/71.7 28.4/675 262/632 239/589 224/559 | 285/67.9
@) SAM-LML | 45.6/84.7 429/81.2 37.5/78.1 37.8/74.7 32.8/70.9 28.1/66.6 26.4/65.6 |35.9/74.5
Ours 53.3/85.1 51.2/81.5 47.2/784 40.5/764 37.2/73.2 33.9/69.1 30.5/68.7 | 42.0/76.1
—_ MCTN 498/81.6 48.6/78.7 47.4/762 456/74.1 45.1/72.6 43.8/71.1 43.6/70.5 | 46.3/75.0
% MMIN 50.6/81.3 49.6/78.8 48.1/755 475/72.6 46.7/70.7 45.6/70.3 44.8/69.5 | 47.6/74.1
e IMDer 52.1/829 51.3/79.7 49.6/77.8 48.0/73.3 46.6/68.4 45.0/659 44.1/66.6 | 48.1/73.5
=
=) MoMKE 47271847 4547827 43.6/80.7 41.7/787 39.8/76.7 37.9/74.77 36.7/73.3 | 41.8/78.8
% SAM-LML | 51.9/84.5 51.7/83.7 48.7/81.6 48.3/79.5 469/774 456/764 44.5/74.6 | 48.2/79.7
Ours 55.8/86.4 54.2/81.9 51.2/80.3 503/79.9 483/78.7 47.4/77.0 46.1/753 | 50.5/79.9
Table 3: Robustness comparison under Random Missing Protocol (ACC7/Fy).
Dataset | NR C-MIB MM-Boosting SAM-LML | QA-MoE (Ours) SemantiCS from noisy Signals.
ACCy/MAE  ACCy/MAE ACCy/MAE | ACC,/MAE
0.1 | 87.8/0670 867/0.678  $84/0.636 | 89.4/0.616
02 | 875/0.726  86.1/0.738  88.1/0.665 88.9/0.636 4.4 Performance on SPECtI'llm Dataset
Z | 03| 864/0912  §64/0785  §78/0663 | 88.6/0.639 )
S | 04| 832/1366 855/0841  87.6/0.666 | 88.4/0.641 Moving beyond standard benchmarks, we evaluate
2| 05| 849/1660  861/1172  881/0666 | 88.1/0.649 .
S | 06| 808/2595 820/1355  87.5/0.660 | 87.8/0.652 the Protocol IIT under the proposed Continuous
07 | 82173146 84471750  87.3/0.669 | 87.7/0-660 Reliability Spectrum. The model encounters a het-
| Avg. | 847/1582  853/1.046  87.8/0.661 | 88.4/0.642 .. .
erogeneous test set comprising random combina-
0.1 | 86.1/0545 864/0.544  87.0/0521 | 88.2/0.498 ’ ; o . )
_ | 02| 845/0582  866/0557 87.0/0525 | 88.1/0.501 tions of noise (A) and missingness (1), simulating
2 | 03| 856/0622 855/0.623 87.3/0522 | 88.0/0.512 h dictable i focti £ real 1dd
S | 04| 84470703  853/0682 872/0525 | 87.6/0514 the unpredictable imperfections of real-world de-
S| 05| 837/0875  841/0724  866/0529 | 87.4/0.521 ployment.
£ | 06| 824/1.054  854/0924  87.0/053%2 | 872/0.523
07 | 80.5/1404 803/1.125  859/0545 | 86.8/0.531 . . L.
| Avg. | 83.9/0.826 84.8/0740  869/0.528 | 87.6/0514 4.4.1 Analysis of Architectural Superiority

Table 4: Comparison under varying NI (\).The results
are cited from (Mai et al., 2025).

.. Mixed Test Set (Protocol I1I)

Model Training Strategy MAE| ACC;t ACCyt Fyt
MMA ‘ Clean Tram' 0.693 46.9 86.4 86.4
Spectrum Train 0.688 51.8 87.2 88.4

‘ Clean Train 0.628 494 89.2 89.1

SAM-LML Spectrum Train 0.599 52.5 89.6 89.7
‘ Clean Train 0.589 53.6 87.3 87.6

QA-MoE (Ours) 0 rum Train | 0.515  54.5 879 891

Table 5: Decoupling analysis under Protocol III.

works using their reported settings. Table 4 vi-
sualizes the performance trends on CMU-MOSI
and CMU-MOSEI. As the noise intensity increases,
standard baselines exhibit rapid performance decay.
While SAM-LML shows improved resistance, QA-
MOoE consistently outperforms all baselines across
the entire noise spectrum. Notably, at severe noise
levels (A = 0.7), QA-MoE maintains a lead of
roughly 0.9% over SAM-LML, which validates
that our distributional reliability scoring effectively
filters out high-variance features and reconstructs

A fundamental question arises regarding the source
of our model’s efficacy: Does the robustness of
OA-MoE stem from its intrinsic architectural de-
sign, or merely from the Spectrum-Aware training
strategy? To rigorously disentangle these factors,
we conduct a controlled experiment by retraining
the strongest baselines using the exact same dy-
namic degradation injection strategy employed in
our framework. Table 5 reports the performance on
the heterogeneous Protocol III test set. Remarkably,
the QA-MOoE trained solely on clean data (53.6%)
still outperforms the strongest baseline enhanced
by the spectrum training strategy (52.5%). It con-
vinces that our robustness derives primarily from
the proposed mechanism in handling unseen shifts,
rather than relying on data augmentation.

4.4.2 Reliability Score Validation

To verify that the learned quality score 7, faithfully
tracks real-world signal degradation, we conduct
two quantitative analyses on CMU-MOSI.

Correlation with Ground-Truth Corruption.
We compute the Spearman rank correlation p be-
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Tm [0.0,0.2) [0.2,0.4) [0.4,0.6) [0.6,0.8) [0.8,1.0]
Avg. 1.42 1.15 0.92 0.74 0.58

Table 6: Alignment between reliability score r,, and
prediction error (MAE) on CMU-MOSI. Higher r,,
consistently corresponds to lower prediction error, vali-
dating 7,,, as an effective quality indicator.

Continuous Reliability Spectrum (One-Checkpoint-for-All)
0.7

05

0.4

Missing Rate (n)
(% L-22y) Aoeandoy

05 0.6 0.7

00 01 02

03 0.4
Noise Intensity (A)

Figure 3: Continuous Reliability Landscape. The
smooth performance gradient (from warm to cool col-
ors) demonstrates that QA-MoE exhibits graceful degra-
dation rather than abrupt failure. The star (x) marks the
compound defect scenario (A = 0.3, = 0.2).

tween 7, and the ground-truth degradation lev-
els (A for noise intensity, n for missing rate).
The results yield p = —0.87 (p < 0.001), indi-
cating a strong and statistically significant nega-
tive correlation: as input quality deteriorates, 7,
monotonically decreases. This confirms that the
self-supervised heteroscedastic objective in Eq. ??
drives 0>— and consequently 7,,,—to serve as a
reliable proxy for input-dependent signal quality,
without requiring any explicit quality labels.

Alignment with Prediction Error. Beyond cor-
relation, we further validate whether r,,, reflects ac-
tual predictive risk. We partition test samples into
five bins by r,,, and report the average MAE within
each bin (Table 6). As shown, prediction error de-
creases monotonically as 7, increases, dropping
from 1.42 (low reliability) to 0.58 (high reliability).
This alignment confirms that 7, is a high-quality
indicator of modality reliability, effectively guiding
the router to suppress noisy inputs.

4.4.3 '"One-Checkpoint-for-All'' Strategy

Unlike existing methods often require retraining to
adapt to specific noise levels, QA-MoE is designed
to remain effective across varying reliability condi-

tions. To verify this, we evaluate a single trained
checkpoint across the entire reliability spectrum
grid without any parameter tuning. Figure 3 visu-
alizes the model’s performance on the Continuous
Reliability Spectrum introduced in Figure 1. Un-
like discrete evaluations, this continuous surface
demonstrates a high-fidelity plateau covering the
Stochastic Mixture region. The model maintains
robustness well into the degradation zones (x), con-
firming its ability to adapt continuously to unseen
defects. The detailed value of each discrete points
are also provided in Appendix A.4.2. Besides, it
also provides the performance under other SAM-
LML, which shows that our model can maintain
effective across the spectrum without retraining.

4.5 Model Analysis

In this section, we conduct a comprehensive analy-
sis to provide deeper insights into the properties of
QA-MoE. Besides the following, the analysis of the
computational efficiency is placed in Appendix A.5
due to space.

Spectrum Training Setting
MAE| ACC;1 ACCytT Fi 7t

| 0525 545 888  89.1

0.884 52.1 76.2 77.4
0.795 50.7 79.1 51.2
0.780 48.6 78.5 459

Model Variants

QA-MoE (Full)

w/o Quality Gating
w/o Variance (o2)
w/o Universal Fallback (yrior)

Table 7: Ablation studies on CMU-MOSI. We evaluate
the contribution of the key parts of our QA-MoE.

Ablation Study. To disentangle component con-
tributions, we conduct ablation studies on CMU-
MOSI (Table 7) with Spectrum Training. First,
removing the quality gate significantly increases
errors on noisy inputs, confirming the necessity of
explicit signals to bypass unreliable experts. Sec-
ond, relying solely on the mean vector causes per-
formance degradation, validating that the second
moment is a critical proxy for aleatoric uncertainty.
Parameter Sensitivity Analysis. We conduct sen-
sitivity analysis on the number of active experts
(k). We fix the total number of experts N = 8 and
vary the active selection k € {1,2,3,4,8}. Fig-
ure 4 shows a performance peak at £ = 3. The
tendency indicates that a single expert is insuffi-
cient to capture complex multimodal dynamics and
increasing k to 8 results in degradation due to over-
fitting. Thus, k = 3 represents the optimal trade-off
between effectiveness and efficiency.

Interpretability Analysis. Figure 5 shows the
reconfiguration of expert attention under varying
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Adaptive Routing Weights under Different Scenarios 0.18

Clean
I
Y
N
=
=
~

0.16

0.14

=0.3
o
o
©

MR

-0.12

=0.3

-0.10

NL

g g . g g -0.08
El E2 E3 E4 E5
Expert Index

Figure 5: Visualization of Adaptive Routing Patterns.

degradation contexts. We observe a distinct quality-
aware routing shift. Notably, Expert 2 dominates
in clean settings but is suppressed under corruption
to prevent error propagation. In contrast, Expert 8
gains prominence specifically under imperfect sce-
narios. Besides, the divergent behavior in Expert 5
under different conditions confirms that QA-MoE
discriminates between specific failure modes rather
than applying a generic penalty.

Discussion on Universal Fallback Mechanism.
While the ablation in Table 7 confirms the necessity
of Yprior, We further analyze the design trade-off it
introduces. The interpolation is intentional: under
severe corruption (r,, — 0), the model deliber-
ately falls back to a dataset-level semantic consen-
sus rather than propagating unreliable expert out-
puts. However, this design implies that prior must
capture a meaningful semantic prior. To verify
this, we examine the learned ypi0r across different
dataset splits and find it remains consistent, sug-
gesting it encodes a stable global representation
rather than overfitting to training distribution. The
performance drop observed when removing yprior
(Table 7) therefore reflects the importance of this
safety net, particularly under high degradation rates
where instance-specific signals become unreliable.

5 Conclusion

In this work, we introduce the Continuous Relia-
bility Spectrum to model real-world imperfections
and propose QA-MOoE to address them. By dy-
namically routing signals based on self-supervised
aleatoric uncertainty, QA-MoE achieves a One-
Checkpoint-for-All capability across diverse degra-
dation protocols, establishing state-of-the-art per-
formance on multiple benchmarks. A remaining
risk is that the routing effectiveness relies on the
precision of quality predictors, where estimation
errors in extreme edge cases could lead to subop-
timal performance. Beyond the current scope, we
note that the probabilistic feature modeling and
quality-aware routing in QA-MoE are architecture-
agnostic: the reliability score r, derived from per-
modality aleatoric uncertainty can be applied to
any high-dimensional embeddings, including those
from large multimodal models. This suggests a
promising direction of using QA-MOoE as a plug-
and-play robust adapter within LMM pipelines to
enhance their resilience to noisy or incomplete real-
world inputs. To support reproducibility and future
research, we will release the complete source code
and model checkpoints upon acceptance.
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Limitations

Despite the effectiveness of our approach, there
are two main limitations. First, the quality signals
in our framework are learned implicitly in a self-
supervised manner; thus, the model lacks explicit
interpretability regarding specific noise types (e.g.,
blur vs. occlusion). Second, the MoE architecture
involves a routing mechanism that introduces addi-
tional computational overhead compared to static
fusion methods. We plan to explore more efficient
routing strategies and fine-grained quality model-
ing in future work. Finally, while ypior serves as an
effective universal fallback, the model’s reliance on
this learned static embedding may limit its adapt-
ability when the test distribution diverges signif-
icantly from the training set in cross-domain or
few-shot scenarios.
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A Appendix

A.1 Spectrum Dataset Generation Details

To implement the Spectrum-Aware Training
Strategy described in Section 3.5, we construct
a dynamic data loader that applies stochastic trans-
formations on-the-fly. Unlike static augmentation,
this process generates a unique view of the dataset
for every training batch, ensuring the model tra-
verses the continuous reliability spectrum.

A.1.1 Dynamic Injection Protocol

To ensure the model generalizes across the entire
reliability spectrum, we employ a batch-wise dy-
namic sampling strategy. Specifically, at the begin-
ning of each training iteration, we sample a pair
of global degradation coefficients (Apatch, Mbatch)
from a uniform distribution:

Abateh ~ Z/{(Oa 1)7 Mbatch ™~ Z/{(Ov 1) (11)
These coefficients are then applied uniformly to
all samples within the current mini-batch. This ex-
poses the router to continuously varying difficulty
levels throughout the training epochs, preventing
overfitting to any specific discrete noise intensity.

A.1.2 Modality-Specific Degradation

Since the modalities (Text, Audio, Vision) have dis-
tinct physical properties, we design specific degra-
dation functions 7 (-) for each, consistent with the
Stochastic Imperfection Modeling in Eq. 2.

Continuous Modalities (Audio & Vision). For
the continuous feature vectors from acoustic (e.g.,
COVAREP/Wav2Vec) and visual (e.g., Facet/ViT)
encoders, we verify robustness by injecting additive
noise. The corrupted feature u,, is generated as:
U = U+ €m,  €m ~ N(0, (N 0rep)?T) (12)
where of is a reference standard deviation calcu-
lated from the training set statistics to ensure the
noise scale is relative to the feature.
Acoustic: We simulate background noise and sen-
sor jitter using Additive White Gaussian Noise
(AWGN).
Visual: We simulate blur and low-light sensor
noise. While actual blur is a convolution opera-
tion, in the high-level feature space, this is effec-
tively modeled by increasing the feature variance
via additive Gaussian noise.

Discrete Modality (Text). For textual data,
noise manifests as Automatic Speech Recogni-
tion (ASR) errors or missing words. We im-
plement this via a Token-Level Dropout mech-
anism. Given a sequence of word embeddings
w, = {wi,wy,...,w}, each token is indepen-
dently replaced by a zero vector (or a special
[MASK] token) with probability p = A:

~ Wy
Ww; = 0

This simulates semantic fragmentation ranging
from minor typos (low ) to unreadable sentences
(high ).

with probability 1 — A (13)
with probability A

Modality Missingness. Finally, to simulate com-
plete sensor failure (Protocol I), we apply the global
missingness mask I ;ss. With probability 7, the en-
tire feature sequence for a modality m is zeroed
out: u,, < 0.

A.2 Datasets and Feature Extraction

CMU-MOSI (Zadeh et al., 2016) and CMU-
MOSEI (Bagher Zadeh et al., 2018) are the most
widely used benchmarks for MSA and MER tasks.
CMU-MOSI consists of 2,199 opinion video clips
labeled with sentiment intensity scores ranging
from -3 (highly negative) to +3 (highly posi-
tive). CMU-MOSEI is a larger-scale dataset con-
taining 23,453 annotated video segments. Both
datasets are pre-processed and word-aligned fol-
lowing the standard protocol. We strictly follow
the standard feature extraction protocols estab-
lished in prior literature (Tsai et al., 2019; Haz-
arika et al., 2020), and we utilize 300-dimensional
GloVe language features (Pennington et al., 2014)
and 768-dimensional BERT-base-uncased hidden
states (Devlin et al., 2019). Facet (Baltrusaitis et al.,
2016) provides 35 facial action unit visual features,
and COVAREP (Degottex et al., 2014) offers 74-
dimensional acoustic features.

IEMOCAP (Busso et al., 2008) is a multimodal
database for emotion recognition, comprising
dyadic conversations between ten speakers. Fol-
lowing prior works (Tsai et al., 2019), we focus on
the classification of six discrete emotions: happy,
sad, angry, fearful, frustrated, and neutral. For
IEMOCAP, we follow (Zhao et al., 2021) to extract
acoustic, visual and textual features.

MlIntRec (Zhang et al., 2022) is a challenging
dataset for multimodal intent recognition capturing
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Models CMU-MOSI

CMU-MOSEI

ACC-71 ACC-21 FI1 MAE| Corrt | ACC-7t ACC21 Flt+ MAE] Corrt
TENT 35.3 76,5 766 0995 0.698 | 50.2 842 840 0573 0.700
LMF! 31.1 791 791 0963 0695 | 519 83.8 839 0.565 0677
MulT? 33.2 803 803 0933 0711 | 532 84.0 840 0.556 -
MISA® 43.6 83.8 839 0742 0761 | 510 84.8 848 0557 0.756
MMIM' | 459 834 834 0.777 52.6 81,5 813 0.578 -
EMOE' | 4738 854 853 0.697 - 53.9 855 855 0.530 -
Ours 53.3 874 872 0.583 0816 | 58.4 871 871 0477 0.791

Table 8: Experimental results on CMU-MOSI and CMU-MOSEI datasets. The results marked with T are retrieved
from Fang et al. (2025), and those with * are cited from Chen et al. (2025).

MR (1) | Noise Intensity ()
| 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

0% 5450 54.27 51.31 46.65 41.98 38.63 32.36 31.92
10% 5420 5398 51.60 46.79 4227 39.07 3294 33.38
20% 52.60 51.79 49.27 44.61 40.67 37.76 31.63 32.36
30% 49.25 4831 46.65 43.15 3892 3571 3222 31.05
40% 43.06 4238 4144 4038 37.17 34.11 30.32 30.03
50% 39.31 3885 3790 3694 3732 3557 3192 29.59
60% 35.69 3494 3440 33.23 3259 31.71 31.20 31.34
70% 3469 3234 3155 3280 31.03 2853 2747 26.88

Table 9: Discrete Evaluation Grid (ACC-7 %). This table presents the exact performance metrics of the single
QA-MoE checkpoint across varying degrees of degradation. The gray cell marks the compound defect scenario

(A = 0.3,7 = 20%) analyzed in Figure 3.

high-quality "in-the-wild" interactions. Unlike lab-
controlled datasets, MIntRec naturally contains en-
vironmental noise and diverse background scenes,
making it an ideal testbed for evaluating model
robustness against real-world imperfections. On
MintRec, dimensions for text, visual, and acoustic
features are 768, 256, and 768, respectively.

A.3 Baslines, Implementation and Metrics

Baselines. To verify the effectiveness of our frame-
work, we compare it against a comprehensive set
of baselines categorized into two groups:

General Multimodal Learning Approaches: We
select methods that focus on sophisticated fusion
mechanisms assuming complete modalities. These
include TEN (Zadeh et al., 2017) and LMF (Liu
etal., 2018) which utilize tensor fusion; MulT (Tsai
et al., 2019) which employs cross-modal transform-
ers; MISA (Hazarika et al., 2020) which focuses on
feature disentanglement; MMIM (Han et al., 2021)
which maximizes mutual information; and inspired
by Mixture of Experts, EMOE (Fang et al., 2025)
and MMA (Chen et al., 2025) facilitate adaptive
multimodal fusion.

Robustness-Oriented Approaches: We also com-
pare against methods specifically designed for

handling missing or noisy modalities. These in-
clude MMIN (Zhao et al., 2021)which reconstructs
missing modalities via cascaded prediction, and
SMIL (Ma et al., 2021) which utilizes Bayesian
meta-learning to handle severe modality absence.

Implementation. We implement all models using
PyTorch on NVIDIA RTX 4090 GPUs. Follow-
ing standard protocols (Tsai et al., 2019), we uti-
lize BERT-base-uncased (d; = 768) for text, and
acoustic/visual features extracted via COVAREP
(d, = 74) and Facet (d, = 35), respectively. The
hidden dimension of the multimodal encoders is set
to dipoder = 128. Models are trained for 30 epochs
with a batch size of 16. We employ the Adam opti-
mizer with 8 = (0.9,0.999) and a weight decay of
le~®. To prevent overfitting, we apply a dropout
rate of 0.1 and gradient clipping (threshold 1.0).
The learning rate is tuned via grid search within
{1e73,5e74,1e~*} and decayed using a Cosine
Annealing scheduler. For the QA-MOoE structure,
we set the total experts N = 8 and active experts
k = 3. The Quality Predictors are implemented
as two-layer MLPs to ensure lightweight computa-
tion. For strict reproducibility, all experiments are
conducted with a fixed random seed (1111).
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A.4 Supplementary Experimental Results
A.4.1 Results on Perfect Dataset

We evaluate the model under the challenging un-
aligned setting, where modalities possess inher-
ent temporal asynchrony. Compared to strong
baselines, including the recent MoE-based method
EMOE (Fang et al., 2025), QA-MOoE achieves sub-
stantial gains across all metrics. On CMU-MOSI,
we achieve an ACCr of 53.3%, surpassing the pre-
vious best (EMOE) by +5.5%. On CMU-MOSEI,
we get an ACCy; of 58.4%, outperforming the
strongest baseline by +4.5%. These results confirm
that our Quality-Aware Routing mechanism is not
solely a defensive measure against noise. Even in
perfect datasets, the router effectively dynamically
selects experts to handle the natural semantic mis-
alignment and heterogeneity inherent in unaligned
multimodal settings which proves the architecture’s
intrinsic superiority.

A.4.2 Results on Spectrum Dataset

To ensure reproducibility and transparency, we pro-
vide the comprehensive numerical results corre-
sponding to the One-Checkpoint-for-All evalua-
tion discussed in Section 4.3.2. Table 9 details the
ACCy performance of QA-MOoE across the com-
plete discrete grid of Noise Intensities (A € [0, 0.7])
and Missing Rates ( € [0, 70%]). These raw val-
ues serve as the basis for the continuous landscape
visualization in Figure 3. Notably, the table con-
firms the model’s graceful degradation:

(1) Under Ideal Conditions (A = 0,7 = 0), the
model achieves a peak accuracy of 54.50%.

(2) Under the Compound Scenario highlighted
in the main text (A = 0.3, = 20%), the model
retains a robust accuracy of 44.61 %, validating the
effectiveness of the quality-aware routing mech-
anism even when subject to simultaneous mixed
imperfections.

To contrast with the stability of QA-MoE,
we visualize the reliability landscape of the
strongest baseline, SAM-LML, in Figure 6. Un-
like our proposed method, which maintains a high-
performance plateau, SAM-LML exhibits signif-
icant brittleness to unseen degradation.As ob-
served, the high-accuracy region (red/orange) is
strictly confined to the top-left corner (clean data).
A minor shift into the mixed degradation zone
triggers a drastic performance drop-off. For in-
stance, at the marked compound defect point (A =
0.3,m = 0.2), the accuracy collapses to 35.5%,

Continuous Reliability Landscape (One-Checkpoint)

Missing Rate (1)
(% £-22y) Adeandoy

Compound Scenario
* (1=0.3,7=0.2)
Acc: 33.5% |

0
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Noise Intensity (1)

Figure 6: Reliability Landscape of Baseline (SAM-
LML). The visualization reveals a sharp performance
decay, forming a reliability cliff.” While the model
achieves peak performance at the clean origin, its ac-
curacy plummets rapidly as degradation intensity in-
creases. The star (x) marks the compound defect sce-
nario (A = 0.3, = 0.2), where accuracy has already
degraded to 35.5%, demonstrating the lack of robust-
ness in the One-Checkpoint” setting.

representing a loss of over 15% compared to its
clean performance. This confirms that without
the dynamic expert routing mechanism, conven-
tional models cannot effectively support the "One-
Checkpoint-for-All" strategy and fail to generalize
across the continuous reliability spectrum.

A.5 Computational Efficiency

To assess real-world feasibility, we evaluate the
computational overhead on a single NVIDIA RTX
4090 GPU (Batch=16). Despite maintaining a
model capacity of 112.47M parameters shown in
Table 10, QA-MoE achieves a low computational
cost of 4.33 GFLOPs per sample, attributed to the
sparse activation of experts (only Top-3 are ac-
tive). With an inference latency of 10.59 ms and
a throughput of 1,510 samples/sec, our framework
fully satisfies the requirements for real-time deploy-
ment.

Model Parameters (M) Comp. Speed Mem.
Total Active | GFLOPs | Latency (ms)] VRAM (MB) |
MulT 113.1 113.1 6.82 145 1350
MISA 114.4 114.4 5.95 12.8 1600
MMA 113.5 1135 6.10 132 1420
SAM-LML 112.8 112.8 5.15 11.9 1100
QA-MoE (Ours) | 1132 384" | 433 10.59 950

Table 10: Computational Efficiency Analysis. We
compare QA-MoE against strong baselines on a single
RTX 4090 GPU (Batch=16). "Active" denotes the num-
ber of parameters actually used during a single inference
pass.
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