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Abstract: Multimodal sentiment analysis combines linguistic, acoustic, and visual evidence, yet deploy-
ment commonly violates the benchmark assumption that every modality is present and mutually con-
sistent. Missing-modality systems generally reconstruct absent channels while conflict-aware systems
generally assume full observation, even though absence and disagreement both change how far an
observed modality should be trusted. We therefore treat the two jointly and hypothesise that condi-
tioning modality reliability on both availability and cross-modal compatibility, and applying it across
aligned and disagreement-preserving representations, yields more consistent performance across ob-
servability regimes than matched fusion controls without this coupling. We introduce CAMMREF, a
framework that couples a mask- and peet-conditioned teliability estimator, an alignment/conflict sub-
space decomposition, and stochastic modality dropout with cross-view consistency. We evaluate one
frozen protocol on the official CMU-MOSI train/validation/test partitions under eight observability
regimes; five independent training seeds (42, 43, 44, 45, and 46) completed, each retaining predictions,
checkpoints, and logs. In the full-modality regime CAMMREF is best on all four metrics simultane-
MAE 1.050 £ 0.028, Pearson correlation 0.593 £ 0.009, weighted F1 75.01 + 1.72%, and Acc-
27491 £ 1.80%—rather than on accuracy alone, and it ranks first by mean Acc-2 in 5 of eight regimes.

ously:

The advantage persists when audio or vision is missing and under the controlled conflict stress (mean

Acc-2 73.81%, a 1.10-point decrease, with matching small changes in MAE, weighted F1, and correla-

tion); however, all four metrics degrade together when text is absent—correlation most steeply—so
robustness is regime-dependent rather than universal. Full-budget ablations show that several compo-
nent removals improve full-observation point estimates, supporting an accuracy—trobustness trade-off
rather than an independent-component claim. The evidence is limited to one corpus and controlled
surrogate baselines and does not establish external generalisation. A single Colab notebook regenerates

the protocol and exports a machine-readable result registry.

Keywords: Conflict-aware fusion; CMU-MOSI; Missing modality; Multimodal sentiment
analysis; Reliability estimation; Robustness; Sentiment analysis; Multimodal fusion.

1. Introduction

Multimodal sentiment analysis (MSA) predicts the continuous sentiment expressed in an
utterance from language, acoustic delivery, and visual behaviour. It is distinct from text-only
sentiment analysis, categorical emotion recognition, and sarcasm detection, although all may
share feature extractors. The regression output is commonly accompanied by a binary polarity
view obtained from its sign. This paper uses “MSA” only in this sense and reports regression
and polarity metrics together.

Progress on CMU-MOSI and CMU-MOSEI has been driven by increasingly expressive
fusion mechanisms [1], [2]. Most benchmark experiments nevertheless assume homogeneous
observability: text, audio, and vision are all present and their evidence is compatible enough
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for a single fusion rule. Deployment violates both halves of this assumption. Privacy filters,

recognition failures, and sensor faults remove channels, so the observable set of modalities

vaties from sample to sample; sarcasm, hesitation, and facial incongruity make the surviving
channels disagree, so the trustworthiness of the observable modalities also varies.

These two failure modes are usually studied apart. Missing-modality methods restore or
reweight an absent view but implicitly assume that the survivors can be trusted; conflict-aware
methods arbitrate disagreement but assume that every channel is present. The two are not
independent. Missingness changes which modalities are observable, whereas conflict changes
how much the observable ones should be believed. Reconstructing an absent channel from
unreliable survivors can amplify their error, and conflict arbitration cannot invoke a channel
that has vanished. The research gap therefore concerns a single question that neither line of
work addresses on its own: for each sample, how much should an observed modality influ-
ence fusion when both the available set and the mutual compatibility of the available modal-
ities change together?

Our rationale for treating the two jointly is that availability and compatibility act on the
same latent quantity how far a given modality should be trusted duting fusion rather than on
unrelated ones. An absent modality is the limiting case of an untrustworthy one: its influence
should fall to zero. A present-but-incongruent modality should be down-weighted without
being discarded, because its modality-specific signal may still carry the disagreement that mat-
ters. A single sample-specific reliability signal, conditioned jointly on the availability mask and
on the observed peers, can express this entire continuum from available-and-consistent,
through available-but-conflicting, to unavailable. The same signal can then drive both a con-
sensus representation of agreeing evidence and a disagreement-preserving representation of
contflicting evidence. This is why we pursue one coupled fusion operator rather than a miss-
ing-modality module bolted onto a separate conflict-resolution module.

Accordingly, we hypothesise that a fusion operator in which modality reliability is jointly
conditioned on availability and cross-modal compatibility, and is then applied across both
aligned and disagreement-preserving representations, will provide more consistent perfor-
mance across heterogeneous observability regimes than matched fusion controls that do not
implement this coupling. We evaluate this hypothesis on CMU-MOSI under heterogeneous
observability conditions using complementary quantitative and robustness analyses. The hy-
pothesis is deliberately framed as consistency within the evaluated protocol; it does not assert
external or cross-corpus generalisation, which we do not test.

Our objective follows directly. We design and reproducibly evaluate one fusion operator
that (i) accepts any non-empty modality subset without reconstructing absent channels, (ii)
retains disagreement rather than forcing every representation into one consensus space, and
(iii) conditions both behaviours on a common, sample-specific reliability signal. We call the
resulting framework Conflict-Aware Missing-Modality Robust Fusion (CAMMREF). The con-
tributions are:

1. ajoint problem formulation in which missingness and conflict both change a single peer-
and mask-conditioned reliability value, closing the gap left when the two failure modes
are handled by separate mechanisms;

2. adual-stream fusion operator that separates aligned and conflicting subspaces and com-
bines them through the shared reliability signal;

3. afrozen, method-matched evaluation protocol with with component ablations and con-
trol checks, with the main evaluation reported on all four metrics;

4. an auditable evidence chain in which all manuscript tables and plots are generated from
retained per-seed predictions and a canonical registry; and

5. an explicit boundary between the proposed neural model, deterministic linear controls,
and the controlled TFN-S, MulT-S, and MMIM-S surrogates.

The revision makes three evidentiary boundaries explicit. First, the aligned feature bun-
dle verifies source-video disjointness, but it contains no speaker-identity map; speaker-dis-
jointness is therefore not claimed. Second, the interaction baselines are controlled surrogates
rather than executions of the original high-capacity architectures. Third, external-corpus gen-
eralisation is untested. These boundaries prevent reproducibility from being confused with
broader validity.
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2. Related Work

2.1. Multimodal sentiment fusion

CMU-MOSI established utterance-level sentiment regression over aligned text, audio,
and vision, and CMU-MOSEI enlarged the scale and diversity of the task [1], [2]. Tensor
Fusion Network (TFN) explicitly models unimodal, bimodal, and trimodal interactions, while
low-rank multimodal fusion reduces the resulting parameter cost [3], [4]. MulT replaces ex-
plicit products with directional cross-modal attention for unaligned sequences [5]. MAG-
BERT injects non-verbal information into a pretrained language representation [6]; Self-MM
generates modality-specific supervision [7]; and MMIM maximises hierarchical mutual infor-
mation [8]. Contrastive and multi-layer approaches further separate shared and specific infor-
mation [9]—[11]. These methods motivate interaction modelling but are not designed around
arbitrary test-time modality subsets.

2.2. Incomplete multimodal observation

Missing-modality research includes imagination or reconstruction networks, robustness
diagnostics, tag-assisted learning, graph completion, dual-level feature restoration, represen-
tation transfer, and prompt-conditioned adaptation [12]—[18]. Masked autoencoding and pa-
rameter-efficient adaptation extend the same objective to larger backbones [19], [20]. Their
central question is how to preserve information when a view is absent. Their reconstruction
assumption is useful when observed modalities are trustworthy, but it does not itself decide
which survivor should dominate when survivors disagree.

2.3. Conflict and uncertainty

Modality-specific and invariant spaces can preserve information that a single shared em-
bedding removes [21]. Cross-modal graphs and sentiment-aware hierarchical fusion similarly
exploit disagreement in sarcasm or related affective tasks [22]—[24]. Recent work studies
multi-level conflict, uncertainty-aware fusion, interaction graphs, and foundation-model rep-
resentations [25]—[30]. The relevant gap is structural: missing-modality methods normally
condition on availability, whereas conflict-aware methods normally condition on disagree-
ment. None of the reviewed approaches makes one reliability value depend jointly on the
availability mask and the observed peers and then uses that value in both consensus and dis-
agreement streams.

2.4. Positioning and novelty boundary

CAMMREF adopts modality encoders, masking, attention, and consistency regularisation
as established ingredients. It adapts shared/private decomposition to an alignment/conflict
interpretation. The claimed novelty is their coupling: the same mask- and peer-conditioned
reliability score gates the aligned stream, reads the conflict stream, and responds to the masks
used by cross-view training. We do not claim invention of the individual ingredients, superi-
ority to published leaderboard systems, or external generality. The controlled study isolates
this coupling under matched pooled features and evaluation regimes.

2.5. Relationship to prior work and research gap

Three method families frame CAMMRE conceptually rather than through the experi-
mental values reported later. Interaction models such as Tensor Fusion, MulT, and MMIM
were designed around sequence-level neural objectives and larger contextual representations
[3], [5], [8]; they motivate expressive fusion but are not built for arbitrary test-time modality
subsets. In this controlled study their interaction mechanisms are represented by budget-
matched surrogates (TFN-S, MulT-S, MMIM-S) so that a missingness comparison remains
internally traceable. This choice deliberately narrows any architectural claim: it cannot estab-
lish that CAMMRE would outperform the official high-capacity implementations, and the
comparison is confined to the shared pooled-feature and ridge-read-out budget.

The missing-modality family typically restores or imagines an absent representation [12],
[14]-[16]. CAMMREF instead removes the absent view and reweights the survivors, which
avoids reconstruction error and, by construction, lets one model serve every non-empty mo-
dality subset. A structural expectation follows conceptually: when the most informative
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channel is itself absent, no reconstruction or reweighting can manufacture the missing seman-
tic content, so reliability weighting should help most when an informative channel survives
and least when it does not. Prior work conditions such repair on availability alone.

The conflict-aware family preserves modality-specific information so that incongruity is
not averaged away [21], [25]. CAMMRE shares this goal through a disagreement-preserving
stream, but conditions it on the same availability- and peer-derived reliability signal that gov-
erns the consensus stream. Prior work conditions such arbitration on disagreement alone.
The distinguishing property relative to both families is therefore the coupling: none of the
reviewed approaches makes one reliability value depend jointly on the availability mask and
the observed peers and then uses that value in both the consensus and the disagreement
representation.

This positioning closes the research gap stated in Section 1: availability and compatibility
should modulate a single sample-specific trust signal instead of two disconnected mecha-
nisms. The next section formalises that signal and the dual-stream operator that consumes it;
whether the resulting behaviour matches these conceptual expectations is an empirical ques-
tion that Section 5 addresses on all four evaluation metrics.

3. Methodology

3.1. Problem definition

For utterance n, let the aligned modalities be X; € REX) for i € M = {T, A, V}, with
L =50 and dimensions (dr,dy,dy) = (300,5,20). A binary mask m; € {0,1} states
whether modality iis obsetved, with };;m; = 1. We define the combined mask vector m =
(mg,my,my) € 0,13, The target y € [—3,3] is a continuous sentiment intensity. The
model estimates § = f (X7, X4, Xy, m) without imputing a missing input. Missing inputs are
zeroed before and after biased projections, and attention excludes absent keys and values.

3.2. Forward pass and component configuration
The implementation performs the following five steps, with the implemented forward-
pass configuration summarized in Table 1 and illustrated in Figure 1.
1. Pool and encode: Each aligned sequence is mean-pooled, standardised with training-only
statistics, and mapped by a two-layer modality encoder:

L
hi = EI]CL(Std(l/LZ Xil))' hi € R64. (l)
£=1

2. Estimate reliability: For each observed modality, the peer context is the mean represen-
tation of the other observed modalities. A small network receives h;, that peer context,
and m: Here, the peer context is denoted by h_;. A missing channel is assigned reliabil-
ity zero; an observed channel may be downweighted when it disagrees with its observed
peers.

r=m; a(gi([hi;ﬁ—i; m])). )
3. Separate aligned and conflicting information: Learned maps produce an alignment com-

ponent a; = A;h; (2a) and a conflict component ¢; = C;h; (2b). An obsetved-only
orthogonality term discourages the two components from collapsing to the same repre-

sentation.
4. Fuse two streams: The alignment stream is a reliability-weighted consensus,
Lina
Zg=——w— 3
e )

The conflict stream applies masked attention to the €; values and uses reliability in read-
out. Their concatenation is mapped to y.

5. Train across views A non-empty random mask is sampled during training. The masked
and full views share parameters; a cosine—MSE consistency term connects their fused
representations.
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Table 1. Implemented forward-pass configuration. All learned blocks belong to the single CAMMRF
model and are trained jointly.

Block Inputs Implemented role

Two-layer projections to 64-dimensional representa-

Unimodal encoders Pooled T/A/V features tions, with masking before and after biased maps

h;, observed-peer mean, Produces 1; € [0,1] and forces 1; = 0 for an absent

Reliability estimator m modality

Alignment maps Observed h; Construct the reliability-weighted consensus stream

Conflict maps and  Observed h;, attention Preserve and read out disagreement without attending
attention mask to absent keys or values

Alignment and conflict Concatenate both streams and predict continuous sen-

Fusion/read-out .
streams timent

Full and stochastic

Consistency branch .
masked views

Couple their fused representations during training only

Reliability Estimator r; ] wMi’si’ngl’\m!l |' ]
inputs: hy, observed-peer mean, mask m = |
- - hy : - m; = |: modality present
Text input x, Reliability network || 1), rg, 1y €0, 1] my; = 0: modality missing
Pooled text features Two-layer modality (MLP) B 00000000 !
64 - a
CEEE  , [*] ‘exoderE, ] €R B £ o T | ot el
1 € R* 64-d representation ‘ J |
st r
M +
r Ta ry
) t
Audio input x,, hy Alignment stream Conflict stream Fusion
§ COVAREP e 3 (shared across modalities) (modality-specific disagreement)
features | e i er¥| M - hy 7 Concatenate
a |, Aligament ) Conflict 2 :
R cR* ‘ 64-d representation map f B s e [24: 2]
i < F Masked :
—_— a A~ hy L | Atention| XC Sentiment
o weighed 11— Coutic = . s Regression Head > §
map /3 map fe —— Yy
- o pavienperi i | 8o wntiment
Visual input x, h, p—) ‘ sore
Pooled FACET Alignment L 21 z a Confict | | 25 | o ¥
prediaes Two-layer modality mpf; TH A B e PH €R
0 I s E, Eer
FIL) € R% 64-d representation i . =
T
4
Stochastic modality dropout Training Objectives (applied during training only b
. ~ o X Eles W wiltiph
non-empty mask sampling Consistency loss o, TR = (i <) ment- wise multiply
Mask m = e, full view vs masked view N o
saloileel L Y Il goz") - golz") Lo = ||(24) T (20)||} L= Loy + b Loons + haloorn NSO
eg. [1.0,1] [0,1,1) [1,1,0) o LRl g —+  Information flow

Figure 1. Architecture of CAMMREF. The availability mask and observed peer context jointly deter-
mine reliability; aligned and conflict streams remain separate until the final fusion.

3.3. Training objective

The task loss is mean squared error on the normalised training target. Regularisers ad-
dress cross-view consistency, within-view alignment, conflict preservation, and observed-only
orthogonality:

L= Lmse + ﬁconchons + .BalignLalign + ﬁconfﬁconf + ﬁorthLorth- (4)

The frozen coefficients are 0.30, 0.10, 0.05, and 0.02, respectively. An auxiliary MSE
coefficient of 0.10 is retained in the implemented consistency branch. Stochastic masking is
applied with probability 0.50 and samples uniformly from the seven non-empty three-mo-
dality masks. These values were frozen before the five-seed run and are recorded in the con-
figuration hash.

3.4. Implementation boundary

The evaluated CAMMREF instance has 96,260 trainable parameters. This number is read
from the executed run manifest, not inferred from the diagram. The architecture accepts a
known mask at inference. It does not contain a missingness detector, temporal sequence en-
coder, reconstruction network, or modality-specific fallback head. Those omissions matter in
the single-channel regimes and are retained as limitations rather than obscured by additional
components.
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3.5. Why the mechanisms are coupled

Reliability is not an auxiliary score reported after fusion. It changes the representation
that reaches both branches. If a modality is absent, its mask removes it from the peer mean,
sets its reliability to zero, and excludes it from attention. If it is present but atypical relative to
its observed peers, the estimator can reduce its aligned contribution while the private conflict
representation remains available. The stochastic training masks expose the same estimator to
changing peer sets, and the consistency term discourages the fused representation from
changing arbitrarily when a view is removed. The intended behaviour is therefore a contin-
uum from available-and-consistent to available-but-conflicting to unavailable, rather than a
sequence of independent repair modules.

This coupling also defines the ablation interpretation. Disabling reliability changes both
streams; disabling alignment or conflict changes which representation can use the reliability
value; disabling dropout or consistency changes which observability patterns shape that value
during training. The ablations ate consequently tests of interacting mechanisms, not orthog-
onal estimates of additive component effects.

4. Experimental Setup

4.1. Dataset, partitions, and features

The study uses one aligned CMU-MOSI feature bundle. Its verified SHA-256 is shown
below so  that the exact input can be  checked independently:
1a113ad5edc8b9Ib625a7¢29e6b94a97ecade70494c4e022d9f7ba5atfca3bbdc

The train, validation, and test partitions contain 1,284, 229, and 686 utterances. Their
source-video counts are 52, 10, and 31, with no source-video overlap across partitions. The
bundle stores segment identifiers but no speaker-identity map; consequently, source-video
disjointness is verified and speaker-disjointness remains unverified. This replaces the stronger
unsupported claim that each video identifier necessarily denotes a distinct speaket.

Text features have width 300, acoustic COVAREP features width 5, and visual FACET
features width 20 over 50 aligned steps [31]—[33]. Each sequence is mean-pooled. Per-feature
mean and population standard deviation are estimated on the training partition only and ap-
plied unchanged to validation and test; target normalisation also uses training statistics. All
tensors are checked for shape and finite values. The test labels contain 30 exact neutrals, so
MAE and correlation use all 686 test utterances while Acc-2 and weighted F1 use 656 non-
neutral utterances.

Table 2. Validated CMU-MOSI featute-bundle composition. Source-video counts come from the
first column of the stored N, 3 identifier array

Partition Utterances Source videos Neutral Non-neutral
Train 1,284 52 53 1,231

Validation 229 10 13 216
Test 686 31 30 656

4.2. Observability regimes

All methods are evaluated on the same eight test conditions: Full; text, audio, or vision
missing; text-, audio-, or vision-only; and Controlled Perturbation. Missing modalities are ze-
roed under the same mask for every method. The Controlled Perturbation condition adds
Gaussian noise with standard deviation 0.35 to the standardised full-modality features. One
perturbation realisation, generated with seed 44, is fixed across methods and training seeds.
This controls the stress input but should not be interpreted as a naturalistic cross-modal con-
flict condition.

4.3. Baselines and fairness boundary

Early Fusion concatenates the three pooled views and fits a validation-selected ridge
read-out. Late Fusion fits three unimodal ridge models and averages the observed predictions.
Both are deterministic for the fixed data and therefore have zero across-seed variation.
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TFEN-S, MulT-S, and MMIM-S are controlled surrogates. TEN-S applies seeded modality
projections followed by Hadamard interaction features; MulT-S uses seeded directional inter-
action features; MMIM-S uses seeded shared and modality-specific projected features. Each
has the same training-only standardisation, validation-selected ridge grid {0.1,1,10,100},
masks, conflict input, split, and metrics. Stochastic projections are regenerated for every train-
ing seed. The suffix “-8” is retained because these are compact feature-map controls, not the
published TFN, MulT, or MMIM architectures. Their values must not be compared to pub-
lished leaderboard results as if implementation fidelity were equivalent.

CAMMREF receives the availability mask internally. A separate fairness test refits the con-
trolled surrogates and the deterministic controls with and without explicit mask indicators.
The average effect is small and slightly negative, so mask access alone does not explain the
observed ranking.

Table 3. Baseline-fidelity and mask-access boundary. “Seeded” means the feature map is regenerated
for each training seed.

Method Status Stochastic ele- Fairness boundary
ment
Early Fusion Deterministic None Same pooled features, ridge grid, validation
control criterion, masks, and test regimes
Late Fusion Deterministic None Unimodal ridge models averaged over ob-
control served channels
TFN-S Controlled  Seeded projections Hadamard interaction map; not the pub-
surrogate lished neural TFN
MulT-S Controlled  Seeded projections Directional interaction map; not the pub-
surrogate lished transformer
MMIM-S Controlled  Seeded projections Shared/ptivate feature map; not the pub-
surrogate lished MMIM objective
CAMMRF Proposed neural  Initialisation, ~ Uses the same data and regimes but a vali-
model batches, masks dation-selected neural checkpoint

4.4. Optimisation and reproducibility

CAMMREF is trained from scratch for seeds 42, 43, 44, 45, and 46 with AdamW, learning
rate 3X103, weight decay 104, batch size 64, maximum 40 epochs, five warm-up epochs,
cosine decay, gradient clipping at 1.0, input dropout 0.20, and early-stopping patience 8. The
checkpoint with the lowest validation MAE is restored. Python, NumPy, and PyTorch are
seeded; deterministic operations are requested where supported. All five runs completed on
a Tesla T4 under Python 3.12.13, PyTorch 2.11.0, CUDA 12.8. Each run retains the check-
point, training history, projection hashes, predictions for six methods and eight regimes, met-
rics, and a success manifest. The exact dataset and configuration hashes are checked before

aggregation.
Table 4. Frozen training and evaluation protocol
Setting Value Setting Value
Seeds 42-46 Hidden width 64
Optimizer AdamW Learning rate 3x1073
Weight decay 104 Batch size 64
Maximum epochs 40 Early-stop patience 8
Warm-up epochs 5 Input dropout 0.20
Gradient clip 1.0 Mask sampling non-empty, @=0.50
Selection metric validation MAE Conflict g/ seed 0.35 / 44

4.5. Metrics and statistical analysis

MAE and Pearson correlation evaluate continuous sentiment; lower MAE and higher
correlation are better. Acc-2 maps each non-neutral target and prediction to its sign. Weighted
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F1 uses the same non-neutral subset and weights class F1 values by class support. This pairing
guards against a polarity score that is inflated by class imbalance.

Across-seed tresults are reported as mean + sample standard deviation; per-seed values
remain available. For the original seed, paired absolute-error differences are averaged within
the 31 test source videos before the paired t-test and Wilcoxon signed-rank test. Confidence
in-tervals resample source-video clusters with replacement. Cohen’s d uses the cluster-mean
differences. Friedman tests rank the six methods across the eight regimes, followed by a Ne-
menyi post-hoc analysis using a critical difference. Because these regimes are related per-tur-
bations of one corpus rather than independent datasets, the rank analysis is reported as de-
scriptive support rather than as evidence of cross-dataset generality.

4.6. Execution and evidence retention

The canonical notebook runs environment checks, dataset validation, preprocessing,
self-tests, training, baseline fitting, eight-regime prediction, ablation, statistics, figure and table
generation, aggregation, manifest creation, and archive packaging in order. A seed is included
in the aggregate only after its success manifest and required artifacts exist. The final evidence
contains 6X8X5=240 prediction archives. Checkpoint, projection, dataset, and configuration
hashes connect each aggregate value to a primary run. The canonical CSV contains 192
method—regime—metric aggregates and the per-seed registry contains 960 rows. No manu-
script result table is maintained as an independent handwritten copy.

5. Results and Discussion

5.1. Five-seed full-modality results

Table 5 summarizes the full-modality performance across five completed seeds and four
complementary evaluation metrics. CAMMRE achieves the best result on all four metrics,
with an MAE of 1.050 and a Pearson correlation of 0.593 on the continuous sentiment target.
These correspond to improvements of 0.167 in MAE and 0.081 in correlation over Early
Fusion. For polarity classification, CAMMRE also obtains the highest Acc-2 (74.91%) and
weighted F1 (75.01%), exceeding Early Fusion by 2.04 and 2.17 percentage points, respec-
tively. The consistent ranking across regression and classification measures indicates that the
observed advantage is not confined to a single evaluation critetion

Table 5. Full-modality test performance over five seeds (mean + sample SD). Acc-2 and weighted
F1 use 656 non-neutral utterances; MAE and Cotr use all 686.

Method MAE | Acc-2 (%) 1 F1 (%) 1 Corr 1
CAMMRF 1.050 + 0.028 7491 + 1.80 7501 + 1.72 0.593 + 0.009
Early Fusion 1.217 + 0.000 72.87 + 0.00 72.84 + 0.00 0512 £ 0.000
Late Fusion 1.265 £ 0.000 61.89 + 0.00 60.28 + 0.00 0.522 £ 0.000
TEN-S 1.336 £ 0.036 59.48 + 2.15 58.75 + 2.34 0.352 £ 0.056
MulT-S 1.316 + 0.030 61.16 + 2.52 60.31 + 2.96 0377 £ 0.041
MMIM-S 1.265 + 0.034 66.68 + 1.65 66.38 + 1.73 0.465 + 0.040

The variability across seeds is relatively small for CAMMREF, particularly for Pearson
correlation (SD = 0.009), although larger variation is observed for Acc-2 and weighted F1. In
contrast, Early Fusion and Late Fusion have zero across-seed SD because their closed-form
solutions do not involve stochastic projection. These zero values therefore reflect the deter-
ministic nature of the corresponding controls rather than an absence of uncertainty in their
performance. Overall, the full-modality results establish the reference performance for eval-
uating the broader hypothesis under heterogeneous observability. The subsequent analyses
therefore examine whether the observed performance is retained when modality availability
changes or when the input is subjected to controlled cross-modal perturbation.

5.2. Heterogeneous observability

Table 6 reports CAMMRE performance across the eight observability regimes using the
same four metrics as the full-modality evaluation. The results show a clear dependence on the
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availability of text. When either audio or vision is removed, performance remains close to the
Full condition across all metrics. Audio missing changes Acc-2, MAE, weighted F1, and cot-
relation only marginally, and the visual-missing condition shows a similar pattern. These re-
sults indicate that, within this pooled-feature setting, the remaining modalities can largely pre-
serve the performance obtained under complete observation.

Table 6. CAMMRE performance in all eight regimes over five seeds (mean + sample SD).

Regime Acc-2 (%) MAE F1 (%) Corr

Full 7491 £ 1.80 1.050 £ 0.028 75.01 &£ 1.72 0.593 + 0.009
Text missing 52.32 £ 2.35 1.435 £ 0.033 49.09 + 4.91 0.185 + 0.022
Audio missing 74.85 + 1.68 1.066 £ 0.032 74.95 + 1.63 0.586 £ 0.012
Visual missing 75.09 + 1.25 1.066 £ 0.025 75.17 £ 1.14 0.591 £ 0.008
Text only 7448 + 1.21 1.130 £ 0.057 74.60 + 1.17 0.571 £ 0.012
Audio only 53.38 £ 2.47 1.406 + 0.027 50.70 £ 4.53 0.196 % 0.039
Visual only 50.85 + 2.57 1.476 £ 0.063 4723 + 5.68 0.143 £+ 0.029
Conflict stress 73.81 + 1.05 1.084 + 0.026 73.91 + 0.97 0.561 + 0.009

The effect is substantially different when text is unavailable. As shown in Table 6, Text
missing reduces Acc-2 to 52.32%, weighted F1 to 49.09%, and correlation to 0.185, while
MAE increases to 1.435. The Audio only and Visual only regimes exhibit a comparable dete-
rioration. In contrast, Text only retains relatively strong polarity performance, with Acc-2 and
weighted F1 remaining close to the Full condition, although MAE and correlation still dete-
riorate. This difference suggests that the text modality carries a particularly important role in
the pooled representation: it can support polarity discrimination when used alone, whereas
the absence of text substantially limits the model's ability to recover continuous sentiment
information from the remaining channels.

CAMMRE: relative metric degradation across observability regimes

a
'g e
2 707 * ’ .
5 s ;
2 i 5% :
) 60
=
| 501
3
& 40
=
= 30 A
E
=]
& 20 4
=]
2
= 101
E
=
0 -
g
a ’ " T T T T T —
Full Text Audio Visual Text Audio Visual Conflict
missing missing missing only only only stress
-8 Acc-2 - MAE Weighted F1 -4 Pearson corr.

Figure 2. Relative degradation of each metric from the full-modality reference across the eight re-
gimes (five-seed means). Higher values indicate greater degradation; MAE is represented by its in-
crease, while Acc-2, weighted F1, and Pearson cotrelation are represented by their decrease.

The relative changes are more apparent in Figure 2. The figure shows that the text-bear-
ing regimes remain close to the Full reference, whereas the text-absent regimes produce sub-
stantially larger degradation across all four metrics. Pearson correlation shows the steepest
relative decline, highlighting a loss of agreement with the continuous sentiment target that is
less apparent from Acc-2 alone. Thus, the multi-metric view provides a more complete chat-
acterization of the effect of modality removal than polarity accuracy alone. Under Conflict
stress, the performance remains relatively close to the Full condition: Acc-2 and weighted F1
decrease to 73.81% and 73.91%, respectively, while MAE increases to 1.084 and correlation
decreases to 0.561 (Table 6). As illustrated in Figure 2, the degradation is small compared with
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the text-absent regimes. However, this result should be interpreted narrowly because the con-
flict condition represents a single controlled synthetic perturbation rather than the broader
range of cross-modal disagreement that may occur in naturally collected data.

5.3. Run-to-run variation

Table 7 reports the full-modality results for each of the five completed training seeds.
The variation across runs is relatively modest, with MAE ranging from 1.005 to 1.075 and
Pearson correlation from 0.582 to 0.604. Acc-2 and weighted F1 show somewhat larger var-
iation, ranging from 73.63% to 77.90% and from 73.79% to 77.86%, respectively. The strong-
est classification results occur for seed 43, whereas seed 46 produces the highest correlation,
indicating that the relative ordering of individual runs can differ slightly across evaluation
critetia.

Table 7. Retained CAMMREF full-modality results for every completed training seed, reported for all
four metrics.

Seed MAE Acc-2 (%) F1 (%) Corr
42 1.058 73.93 74.06 0.582
43 1.005 77.90 77.86 0.598
44 1.075 73.78 73.91 0.596
45 1.068 73.63 73.79 0.587
46 1.044 75.30 75.45 0.604

Taken together, the results in Table 7 are consistent with the aggregate statistics in Table
5 and do not indicate a single anomalous training run driving the full-modality result. How-
ever, the five-seed sample remains limited, so the reported standard deviations should be
interpreted as estimates of run-to-run variability within this experimental protocol rather than
as population-level uncertainty.

5.4. Full-budget ablation

Table 8 examines the effect of removing individual components from the complete
CAMMREF configuration under a common training budget. The results do not indicate that
every component independently improves full-observation performance. In particular, re-
moving consistency produces the highest Full Acc-2 (76.07%) and the lowest Full MAE
(1.047), while the other ablated variants also achieve Full Acc-2 values at or above the refer-
ence configuration. This suggests that the contribution of individual components cannot be
evaluated solely from complete-modality performance.

Table 8. Seed-42 ablation with the same 40-epoch maximum and patience 8 for every variant. One-
missing Acc-2 averages text, audio, and vision missing.

Variant Full Acc-2 (%) Full MAE One-missing Acc-2 (%)
Ablation reference (full-budget) 73.93 1.058 67.53
w/o Reliability (R) 75.30 1.070 68.60
w/o Alignment (A) 74.70 1.081 68.34
w/o Conflict (C) 75.15 1.084 65.96
w/o Consistency (S) 76.07 1.047 67.33
w/o Dropout (D) 74.70 1.059 65.29

The pattern changes under incomplete observation. As shown in Table 8, removing con-
flict reduces the one-missing Acc-2 to 65.96%, while removing modality dropout produces a
larger reduction to 65.29%. In contrast, removing reliability or alignment slightly increases
the one-missing point estimate relative to the reference. The contrast between the full and
one-missing results indicates that some components may contribute more to robustness un-
der incomplete observation than to peak performance when all modalities are available.

These results should be interpreted as evidence of component interaction rather than
isolated causal effects, because the ablations are jointly retrained variants evaluated on a single
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seed and the available ablation record covers only Full Acc-2, Full MAE, and one-missing
Acc-2. A complete four-metric ablation analysis is therefore not available. Within this scope,
the deployed configuration represents a compromise between full-observation performance
and robustness to missing modalities rather than a configuration in which every individual
component is uniformly superior.

5.5. Paired inference and rank analysis

Table 9 reports the cluster-aware paired comparison between CAMMREF and the two
fusion controls using absolute error on the retained seed-42 predictions. CAMMRE achieves
lower error than both Early Fusion and Late Fusion. Relative to Early Fusion, the mean dif-
ference in absolute etror is —0.159, with a 95% cluster confidence intetval of [—0.231,
—0.086], Wilcoxon p = 0.0010, and Cohen’s d = —0.65. Against Late Fusion, the correspond-
ing difference is —0.207, with a 95% cluster confidence interval of [-0.311, —0.109], p =
0.0004, and Cohen’s d = —0.72. Thus, both comparisons show confidence intervals that ex-
clude zero and moderate effect sizes, providing inferential support for the lower prediction
error observed for CAMMRE in the full-modality setting.

Table 9. Seed-42 paired absolute-error comparisons. Negative AMAE favours CAMMRE. Tests and
intervals use 31 source-video clusters; point estimates retain utterance weighting.

Comparison AMAE 95% cluster CI Pt Cohen’s d
CAMMREF vs Early Fusion -0.159 [-0.231, -0.086] 0.0010 -0.65
CAMMREF vs Late Fusion -0.207 [-0.311, -0.109] 0.0004 -0.72

The analysis is intentionally restricted to absolute error because this metric permits the
cluster-aware paired comparison used here, while the other evaluation metrics are retained
for the descriptive multi-metric analysis. The inference therefore complements rather than
replaces the five-seed results in Table 5. In particular, the statistical test is based on the re-
tained seed-42 predictions and 31 source-video clusters, whereas Table 5 summarizes perfor-
mance across five training seeds. The two analyses consequently address different aspects of
the evidence: the former evaluates whether the observed paired error difference is supported
after accounting for source-video clustering, while the latter characterizes run-to-run perfor-
mance across training seeds.

Rank analysis provides a broader comparison across the heterogeneous observability
protocol. Across the eight seed-42 regimes, Friedman tests reject equal ranks for MAE, Pear-
son correlation, Acc-2, and weighted FF1, with the Nemenyi analysis using the reported critical
difference for subsequent pairwise rank interpretation. This result is consistent with the
broader pattern observed across the four metrics rather than being driven by a single evalua-
tion criterion. However, the eight regimes are related perturbations of the same test set rather
than independent datasets. The resulting rank statistics should therefore be interpreted as
evidence of consistent within-protocol ordering, not as evidence of external generalisation or
independent-dataset superiority.

5.6. Mask access, interpretation, and practical boundary

The mask-access control examines whether the observed missing-modality performance
could be explained simply by providing the competing methods with explicit availability in-
formation. When the availability mask is exposed to the controlled surrogates and determin-
istic controls, the resulting changes in missing-modality Acc-2 are small: Early Fusion, TFN-
S, MMIM-S, and MulT-S change by the reported amounts, with an average change of —0.13
percentage points across the four controls. This indicates that access to the mask alone does
not reproduce the observed comparison. The result is consistent with the possibility that the
benefit comes from how CAMMREF incorporates availability information into reliability and
fusion, although the control does not isolate a unique mechanism.

The practical interpretation is therefore narrower than a general claim of robustness.
CAMMREF uses the same reliability mechanism across the evaluated non-empty modality con-
figurations and remains relatively stable under the controlled conflict stress, but its perfor-
mance is strongly dependent on which information remains available. In particular, the text-
missing and non-text single-channel conditions represent clear boundaries of the current
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approach. In a deployed setting, additional mechanisms would be needed to handle errors in
missingness detection and calibration, while temporal encoders and evaluation on more di-
verse multimodal corpora would be necessary to assess whether the observed behaviour ex-
tends beyond the current pooled-feature protocol.

5.7. Integrated synthesis of findings

Taken together, the experiments provide partial support for the hypothesis formulated
in Section 1. The full-modality results show that CAMMRE performs favourably across all
four metrics, while the heterogeneous-observability analysis shows that this advantage is
largely retained when audio or vision is unavailable and under the controlled conflict condi-
tion. The evidence is substantially weaker when text is absent, indicating that reliability-aware
fusion can regulate the contribution of available modalities but cannot fully compensate for
the loss of a modality carrying substantial semantic information.

The different analyses also clarify what can and cannot be attributed to the proposed
design. The paired analysis in Table 9 supports lower seed-42 absolute error relative to both
Early Fusion and Late Fusion, while the rank analysis indicates consistent within-protocol
ordering across the four metrics. The mask-access control further shows that simply exposing
availability information to the competing methods does not reproduce the observed missing-
modality comparison. These results are consistent with the intended role of the coupled reli-
ability mechanism, but they do not by themselves establish that any individual component is
solely responsible for the overall performance.

This interpretation is particularly important in light of the ablation results. Several com-
ponent removals improve full-observation point estimates, whereas removing the conflict
branch or modality dropout reduces one-missing performance. The results therefore point to
an accuracy—robustness trade-off rather than a set of components that each provide an inde-
pendent improvement. The retained CAMMREF configuration should consequently be under-
stood as a compromise across observability conditions rather than as uniformly optimal under
every individual metric or regime.

Finally, the strength of the conclusions is bounded by the evaluation protocol. The evi-
dence comes from a single CMU-MOSI feature bundle and related perturbations of one test
set; several interaction baselines are controlled surrogate implementations, the availability
mask is assumed to be known, and the ablation analysis is based on seed 42 with only a subset
of metrics retained. The five-seed results provide evidence of run-to-run consistency but re-
main limited in scope. Accordingly, the experiments establish internal, multi-mettic support
for the proposed reliability-aware fusion strategy within the evaluated protocol, but they do
not establish external cross-corpus generalisation, superiority over faithful implementations
of the original high-capacity baselines, robustness to imperfect modality detection, or effec-
tiveness when the dominant text modality is unavailable.

6. Conclusions

This study investigated whether missing modalities and cross-modal disagreement can
be jointly incorporated into sample-specific reliability estimation for multimodal sentiment
analysis. CAMMREF addresses this problem by coupling availability- and peer-conditioned re-
liability with aligned consensus and disagreement-preserving representations within a unified
fusion framework. Under the evaluated CMU-MOSI protocol, the findings provide partial
support for this approach: the framework performs consistently across complete and several
incomplete or conflicting observation settings, while its effectiveness remains dependent on
the information retained by the available modalities.

The contribution of this work is primarily methodological. It shows how modality avail-
ability and cross-modal compatibility can be incorporated into a common reliability-aware
fusion mechanism without introducing a separate modality-imputation network. The results
further suggest that robustness to heterogeneous observations should be considered along-
side complete-modality performance when evaluating multimodal fusion, since a configura-
tion that performs well under full observation need not provide the same balance under in-
complete observations.

The conclusions are bounded by the scope of the current evaluation. The experiments
use a single CMU-MOSI feature bundle with mean-pooled modality representations and a
known availability mask, while TFN-S, MulT-S, and MMIM-S serve as controlled surrogate
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baselines rather than faithful implementations of their original architectures. The stochastic
and ablation analyses are also limited in scope. Consequently, the present study does not es-
tablish speaker-disjoint or cross-corpus generalisation, robustness to impetfect modality de-
tection, or superiority over faithful implementations of the original baselines. Future work
should extend the evaluation to additional multimodal corpora and temporal representations,
consider realistic and uncertain missingness, and strengthen baseline, ablation, and multi-seed
validation to assess the broader applicability of the proposed framework.
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