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Abstract

Recent multimodal sentiment analysis stud-
ies increasingly adopt text-centric fusion ap-
proaches to exploit the rich sentiment infor-
mation inherent in the textual modality. How-
ever, these approaches often suffer from per-
formance degradation during inference due to
partially missing or noisy data in real-world sce-
narios, especially when sentiment-related cues
are missing. To address this issue, we introduce
a new completeness estimation approach that
quantifies the degree of sentiment-relevant in-
formation preserved in incomplete data to guide
the reconstruction of missing semantics. Fur-
thermore, we propose a training strategy that
stabilizes multi-task learning while jointly opti-
mizing sentiment prediction and completeness
estimation. Extensive experiments and in-depth
analyses on three benchmark datasets demon-
strate that the proposed approach enables more
accurate semantic reconstruction, leading to
more precise sentiment prediction.

1 Introduction

Building on the rich sentiment-relevant informa-
tion in text (Hazarika et al., 2022; Wei et al., 2023),
recent Multimodal Sentiment Analysis (MSA) stud-
ies have increasingly explored text-centric ap-
proaches (Han et al., 2021; Wang et al., 2023a,b;
Zhang et al., 2023) that treat text as the domi-
nant modality while considering audio and vision
modalities as auxiliary sources. Although these
approaches have shown strong performance with
complete data, they suffer substantial performance
degradation when modalities are partially missing
or noisy, particularly when the textual modality is
incomplete.

To address this issue, several reconstruction-
based approaches have been proposed (Yuan et al.,
2021; Zhang et al., 2024a; Zhu et al., 2025). In
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Example text: “| really love this movie.”  [M]: missing token
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Figure 1: Comparison between missing rate—based and
semantic—based completeness. The former is computed
as 1 — r, where r € [0, 1) denotes the missing rate,
while the latter is estimated by our proposed method.

particular, Zhang et al. (2024a) proposed a miss-
ing rate-based completeness estimation method to
utilize the missing rate as a reconstruction weight,
assuming that a higher missing rate indicates lower
completeness, and vice versa. However, we argue
that relying solely on the missing rate may fail to
accurately capture semantic informativeness.

Figure 1 highlights this limitation through two
contrasting cases. In Case 1, a missing key senti-
ment cue [ ‘love’] leads to substantial semantic loss
despite a low missing rate, causing an overestima-
tion of missing rate-based completeness. On the
other hand, in Case 2, it is underestimated even
though the sentiment meaning remains intact. Such
inaccurate completeness may lead to unreliable re-
construction, which highlights the necessity of a
semantic-aware completeness approach that deter-
mines completeness based on whether key senti-
ment cues are missing.

Motivated by the above observations, we pro-
pose a semantic-aware completeness estimation
approach for more reliable reconstruction of miss-
ing textual semantics. Specifically, we first estimate
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the completeness of incomplete text through a se-
mantic completeness estimator. To supervise the
estimator, we introduce Target Probability-based
Semantic Completeness (TPSC), which is a pseudo-
labeling strategy that generates completeness labels.
Meanwhile, the Importance-aware Proxy Feature
Generator (IPFG) generates proxy features from
the auxiliary modalities by adaptively weighting
their contributions for text reconstruction. The es-
timated completeness is then used as a weighting
factor to adaptively combine proxy features and
incomplete text, producing reconstructed textual
representations. Furthermore, we propose an Al-
ternating Optimization Strategy (AOS) to mitigate
gradient conflicts that stem from jointly optimizing
the sentiment prediction and completeness estima-
tion tasks on a shared encoder. The contributions
of this paper are summarized as follows:

¢ To the best of our knowledge, we are the first
to introduce a semantic-aware completeness
estimation approach that quantifies the degree
of semantic preservation in incomplete data.

* We propose an optimization strategy that miti-
gates gradient conflicts in hierarchical multi-
task learning, thereby stabilizing training be-
tween the completeness estimation and senti-
ment prediction tasks.

» Extensive experiments on three benchmark
datasets with varying missing rates show
that our proposed method consistently out-
performs 12 competitive baselines, demon-
strating the effectiveness of the proposed com-
pleteness label in real-world data scenarios.

2 Related Work

Recent studies in MSA have explored various mul-
timodal fusion strategies to integrate textual, acous-
tic, and visual information (Zadeh et al., 2017; Liu
et al., 2018; Tsai et al., 2019; Hazarika et al., 2020;
Yu et al., 2021; Sun et al., 2022). These approaches
aim to capture cross-modal interactions and lever-
age complementary information across modali-
ties to improve sentiment prediction. Another line
of work focuses on text-centric approaches (Han
et al., 2021; Wang et al., 2023a,b; Zhang et al.,
2023), which treat text as the dominant modality
and utilize audio and visual signals as auxiliary
sources to enhance textual representations. How-
ever, most existing methods assume that all modal-
ities are fully available during inference, which

limits their robustness in real-world scenarios. This
issue becomes particularly critical for text-centric
approaches, as the loss of important semantic infor-
mation in text directly undermines the effectiveness
of text-centric fusion.

To mitigate the above issue, recent studies have
explored reconstruction-based approaches that aim
to restore semantic information from missing
modalities (Yuan et al., 2021; Lin and Hu, 2023;
Zhang et al., 2024a; Zhu et al., 2025; Yang et al.,
2025; Shi et al., 2025; Li et al., 2025; Lin et al.,
2025). In particular, LNLN (Zhang et al., 2024a)
introduces a reconstruction method that restores
missing textual semantics using proxy features de-
rived from audio and vision inputs, where the re-
construction weight is estimated from the missing
rate of the incomplete text. P-RMF (Zhu et al.,
2025) introduces a proxy-driven strategy that dy-
namically reconstructs incomplete multimodal in-
puts through cross-modal feature generation and
adaptive fusion, further improving robustness un-
der uncertain missing conditions. Additionally, TF-
Mamba (Li et al., 2025) proposes a text-enhanced
Mamba-based framework that reconstructs miss-
ing textual semantics by aligning and enhancing
auxiliary modalities through a text-aware modality
enhancement module while modeling multimodal
dependencies via efficient Mamba-based fusion.
While these methods improve robustness to miss-
ing modalities, they do not explicitly account for
the semantic information loss in incomplete text.

3 Proposed Method

3.1 Problem Definition

Given multimodal inputs from text (t), audio (a),
and vision (v) derived from the same utterance, the
MSA task aims to predict a continuous sentiment
score y € R.

3.2 Framework Overview

In this work, we introduce a Text Completeness-
based Missing Reconstruction (TCMR) frame-
work that estimates textual completeness from in-
complete text and reconstructs the missing seman-
tic information by adaptively weighting proxy and
incomplete text features based on the estimated
completeness.

The overall workflow of TCMR is illustrated in
Figure 2. First, each modality input is randomly
masked and then embedded into feature represen-
tations via modality-specific encoders (). Next,
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Figure 2: Overview of the proposed framework. Models in the light purple boxes are used only during pretraining or
pseudo-labeling and are not part of the TCMR training pipeline.

a completeness estimator predicts how much se-
mantic information remains in incomplete text and
reconstructs missing semantics using proxy fea-
tures derived from auxiliary modalities, weighted
by the predicted completeness (2)—~@). Lastly, a
multimodal fusion module performs text-centric fu-
sion to produce the final sentiment score ((3)). Note
that the multimodal fusion module is adopted from
LNLN, as designing a new fusion module is not the
main objective of this work (see Appendix A.4).

3.3 Input Processing

Raw multimodal inputs are processed into high-
level embeddings (Figure 2 (D). First, each com-
plete multimodal input IS, for modality m &
{v, a, t}, is processed by modality-specific feature
extractors: BERT for text, Librosa for audio, and
OpenFace for vision (Devlin et al., 2019; McFee
et al., 2015; Baltrusaitis et al., 2016).

Following prior works (Zhang et al., 2024a; Zhu
et al., 2025), we adopt a random missing scenario
to generate incomplete features X,,, € RTm>dm
where 7;,, and d,,, denote the sequence length and
feature dimension. For text, a proportion of tokens
in I{ are randomly replaced with [UNK] according
to a missing rate sampled from [0, 1). For audio and
vision features, a proportion of the sequence is re-
placed with zero vectors. Subsequently, the incom-
plete features are processed by modality-specific
Transformer encoders (Vaswani et al., 2017) to ob-
tain the high-level embeddings H,,, € R7*:

H,, = Transformer(X,,,; 0n"") (1)

3.4 Missing Semantic Reconstruction

In this section, we elaborate on the complete-
ness—guided semantic reconstruction pipeline of

TCMR (Figure 2 2)—(4), which is the core contri-
bution of our work.

Text Completeness Estimation To estimate the
completeness of incomplete text, we design a se-
mantic completeness estimator CompNet, which
consists of fully connected layers followed by a
sigmoid activation (Figure 2 2) —1).

Given the BERT [CLS] embedding S; € R,
CompNet estimates a completeness weight w €
[0,1]:

w = CompNet(S;; §°"P) 2)

The model is trained to minimize mean squared
error between the predicted score w and the com-
pleteness label w:

INGING)
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where ¢ denotes the data sample index.

Pseudo-Label Generation In our study, we de-
fine textual completeness as the extent to which
sentiment-related semantic information is pre-
served in incomplete text. Following this definition,
we introduce a pseudo-labeling strategy to generate
completeness labels w for training CompNet (Fig-
ure 2 2 -2).

To quantify the completeness, we extend the con-
cept of True Class Probability (TCP) (Corbiere
et al., 2019), defined as the probability assigned to
the target class. Our hypothesis is that if a classi-
fier trained on complete text assigns a high TCP
to a given complete text, the TCP for the corre-
sponding incomplete text will remain high as long



as sentiment-relevant tokens are preserved. Con-
versely, the TCP may substantially decrease if key
sentiment tokens are missing.

Based on this insight, we design a sentiment po-
larity classifier that takes only the text modality as
input. First, the classifier is trained on the complete
text If:

gsp = Classifier(BERT(I7); 6) @)

C
Lee=—Y yl)logily) (5)
c=1

where y,, denotes the polarity class obtained by
discretizing the continuous sentiment score accord-
ing to predefined thresholds. After training, we
perform inference on incomplete text using the pre-
trained classifier, and the probability assigned to
the ground-truth polarity class ys, is used as the
pseudo completeness label w € [0, 1]:

» Ypre

w2 p(ys(l? |BERT“S(It)-0°“) )

where 9;1% are the pretrained classifier parameters.
The definition of sentiment polarity classes and
the choice of the optimal number of classes are
provided in Appendix B.1 and Appendix B.2, re-

spectively.

Proxy Feature Generation Prior work (Zhang
et al., 2024a) generates proxy features without con-
sidering the relative importance of auxiliary modal-
ities for reconstruction. However, the contributions
of each modality to the reconstruction can vary
under random missing conditions.

Therefore, we design an Importance-aware
Proxy Feature Generator (IPFG), which consists
of Transformer-based modality-specific generators
and an MLP-based gating network with a sigmoid:

H} = Gen(Hpy; 0,7, Q)
p = Gate([HY, HI; 65°°), (8)

H=poHP+(1—p)@HP.  (9)

where m’ € {a,v} denotes the auxiliary modali-
ties, ® denotes element-wise multiplication, and
p € [0,1] is a gating weight that adaptively bal-
ances the contributions of the auxiliary modalities.

Semantic Reconstruction The reconstructed
text representation H; € RT*? is generated by
integrating the incomplete text representation H;

with the generated proxy feature H;, guided by the
predicted completeness weight w from CompNet:

Hy = wH; + (1 — ) H. (10)

To encourage the reconstructed features to be sim-
ilar to the corresponding complete features, we
minimize the mean squared error loss L. For the
auxiliary modalities, following prior work (Zhang
et al.,, 2024a), we adopt a self-reconstruction
method that takes H,,s as input and predicts the
corresponding complete representation H,, . The

reconstruction losses are defined as:

2
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where Hfﬁ(i) denotes the complete feature of modal-
ity m obtained from a model trained with the cor-
responding complete input.

3.5 Training Objective

TCMR predicts the final sentiment score ¢ through
the text-centric multimodal fusion module. The
model is trained using the following loss:

1 N
ﬁtask = N z;
1=

The overall training objective is defined as:

2
(12)

)ﬁm — 4@

Etotal = aﬁcomp + Bﬁﬁec + VE;ZCI + Uﬁtask- (13)
where «, (3, v, and ¢ are hyperparameters.

3.6 Alternating Optimization Strategy

We found that naively minimizing Lo in an end-
to-end manner often leads to unstable training,
where Leomp is effectively ignored and CompNet re-
mains stuck at a poor local minimum. We attribute
this behavior to gradient conflict (Yu et al., 2020a).
This phenomenon commonly arises in multi-task
learning, where the gradients of a dominant task
suppress the optimization of relatively weaker tasks.
In our case, L5k can also be minimized through
shortcut solutions that bypass learning complete-
ness estimation, causing the optimization of Lcomp
to be dominated during training.

To address this issue, we introduce a simple yet
effective training strategy called Alternating Op-
timization Strategy (AOS). We first partition the
total objective L, into two groups according to
their respective roles:

Ecompy Eother = ﬂ Egec +7 ‘C?gé +o ‘Ctask- (14)



Algorithm 1 Alternating Optimization Strategy
Input: dataset D, epochs E, batch size B, weights
a? /87 ’Y? o

Params: Q™ — geomp | gbert qother £ the re-
maining modules including #°°™.
Opt: Opteomp, OPtogher-
1: fore=1to E do
Phase 1: optimize ©°°™P to minimize Lcomp

2: for mini-batch B C D, |B| = B do
3: Leomp < LossComp(B; ©°™P)
4: ['comp —o ccomp
5: Optcomp .step (V@comp Ecomp)
6: end for
Phase 2: optimize ©°1°" to minimize Loer
7: for mini-batch B C D, |B| = B do
8: Liask < LossTask(B; ©°ther)

: /erc + LossRecText(B; @°ther)
10: L LossRecAuX(B @other)
11: Lother < 3 ﬁrec +7 ﬁrec + 0 Liask
12: Optyher-step(V goter Lother )

13: end for
14: end for

As shown in Algorithm 1, AOS performs a two-
phase optimization within each training epoch. In
Phase 1, we focus on completeness learning by
minimizing Lcomp, While fixing the remaining pa-
rameters and optimizing only ©°™P. In Phase 2,
we fix the learned 0™ and optimize ©°"" by
minimizing Lomer- At this stage, the model focuses
on reconstruction and sentiment prediction based
on the completeness estimation learned in Phase 1.
By alternately optimizing the two objectives, AOS
stabilizes the training of CompNet and enables the
remaining modules to be effectively trained accord-
ing to their respective objectives. Figure 3 illus-
trates this alternating optimization process, and fur-
ther experimental analysis of gradient conflicts is
provided in Appendix C.

4 Experiments

4.1 Experimental Setup

Dataset and Evaluation Metrics We conduct
experiments on three MSA benchmark datasets:
MOSI (Zadeh et al., 2016), MOSEI (Bagher Zadeh
etal., 2018), and SIMS (Yu et al., 2020b). In MOSI
and MOSEI, sentiment scores are annotated with
continuous values ranging from —3 (strongly neg-
ative) to 43 (strongly positive), while SIMS pro-
vides sentiment labels on a scale from —1 (nega-
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Figure 3: Illustration of the AOS optimization process.

tive) to +1 (positive). Model performance is eval-
uated using Acc-2, Acc-5, Acc-7, F1, MAE, and
Corr on MOSI and MOSEI, and Acc-2, Acc-3, Acc-
5, F1, MAE, and Corr on SIMS. Dataset statis-
tics and metric definitions are provided in Ap-
pendix A.1 and Appendix A.3, respectively.

Training and Evaluation Settings Following
previous studies (Zhang et al., 2024a; Zhu et al.,
2025), we adopt a partial random missing scenario.
During training, each modality is randomly erased
according to a missing rate r sampled from a uni-
form distribution over the range [0, 1.0). For each
of the three seeds, the best model is selected based
on its performance at a missing rate of » = 0.5 on
the validation set. For testing, we conduct experi-
ments across missing rates ranging from 0 to 0.9
with an increment of 0.1, resulting in ten evaluation
settings for each seed.

4.2 Main Experimental Results

Baseline Models We select baseline models with
publicly available implementations to ensure re-
producibility. For a fair comparison, we reproduce
all baseline models using publicly available imple-
mentations. For MISA, Self-MM, MMIM, CENet,
TETFEN, TFR-Net, and ALMT, we use the MMSA
implementations (Mao et al., 2022). For LNLN!,
P-RMF?, and TF-Mamba®, we use their official
repositories. In addition, we implement three vari-
ants of TCMR with different completeness labeling
strategies to analyze their effectiveness:

* TCMR-TPSC: estimates completeness using
Target Probability-based Semantic Complete-
ness (TPSC), as defined in Section 3.4. Note
that unless otherwise specified, TCMR refers
to TCMR-TPSC for simplicity.

1https: //github.com/Haoyu-ha/LNLN
Zhttps://github.com/aoqzhu/P-RMF
3https://github. com/codemous/TF-Mamba
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Table 1: Comparison of the overall performance on MOSI and MOSEI datasets.

Method MOSI MOSEI
Acc-7 Acc-5 NonO Acc/F1 HasO Acc/F1 MAE Corr |Acc-7 Acc-5 Non0O Acc/F1 HasO Acc/F1 MAE Corr
MISA 29.03 31.61 68.77/68.67 67.94/67.72 1.1637 47.57|43.89 4443 72.22/68.21 74.16/71.24 0.7346 43.57
Self-MM 30.38 33.69 68.83/68.63 68.65/69.34 1.1843 47.25|46.45 47.36 73.02/71.43 72.66/71.82 0.6818 53.68
MMIM 30.67 34.31 70.19/69.87 69.59/69.15 1.1649 49.01|44.89 4542 74.29/73.19 73.46/73.19 0.7032 52.75
CENet 29.49 3290 69.88/69.94 69.43/69.39 1.1801 48.24|47.36 48.24 77.01/77.26 75.96/76.23 0.6622 58.24
TETFN 29.86 32.56 70.62/70.67 69.85/69.79 1.1327 49.16|46.78 47.83 77.87/77.45 76.11/76.37 0.6741 58.31
TFR-Net 28.22 30.31 70.88/70.73 70.18/69.93 1.1454 50.05|46.08 46.47 75.46/74.10 74.18/73.61 0.6784 56.24
ALMT 29.57 32.05 71.51/71.48 70.52/70.39 1.1671 47.57|46.66 47.37 76.83/76.41 74.47/74.84 0.6749 56.45
LNLN 31.36 34.43 70.00/69.99 69.51/69.41 1.1450 48.08|46.36 47.14 77.79/77.27 76.43/76.58 0.6698 58.17
P-RMF 2891 31.24 69.91/69.57 69.28/68.84 1.1302 50.07|47.01 47.82 78.07/77.76 77.18/76.91 0.6667 58.45
TF-Mamba 28.85 31.46 71.05/71.11 70.73/70.69 1.1228 51.97|45.11 46.09 76.11/76.17 72.54/73.49 0.6891 57.51
TCMR-MRSC|30.39 33.36 70.84/70.95 69.81/69.82 1.1061 50.86|46.61 47.46 77.65/76.74 76.91/76.64 0.6673 58.46
TCMR-LDSC | 31.63 35.38 70.61/70.55 69.83/69.58 1.1322 49.07|47.13 47.87 77.52/76.97 76.16/76.29 0.6641 58.51
TCMR-TPSC|32.80 36.73 72.01/71.67 70.93/70.49 1.0721 52.28|47.27 48.16 77.99/76.99 77.59/77.21 0.6614 58.63
Method Acc-5  Acc-3  Acc-2 F1 MAE  Corr ~o~ LNLN -+ TF-Mamba -+ P-RMF —e- TCMR-MRSC -+ TCMR-LDSC -+~ TCMR-TPSC
44 54 =
MISA 3297 56.05 7125 6695 0.5731 0.319 3 76 3
Self-MM 33.57 55.82 69.02 68.38 0.5243 0.363 3;357 49 \\
MMIM 3033 55.04 69.46 6674 05629 0301 g 70 \\\
CENet 21.61 5348 69.23 5697 0.6304 0.014 5237 a4 61
TETFN 3491 56.01 7085 69.17 0.5439 0.342 2 > \
TFR-Net 2721 5426 6937 5682 0.6258 0.091 S S . | P S N P
ALMT 30.99 53.23 70.65 67.34 0.5445 0.311 0.0 0.2 Q.4 0.6 0.8 0.0 0.2' 9.4 0.6 0.8 0.0 0.2 Q.4 0.6 0.8
Missing Rate Missing Rate Missing Rate
LNLN 3217 5677 7151 6921 05423 0345 Lol (@) 08 (b) 07 )
P-RMF 3272 57.30  70.58 70.36 0.5432 0.361 ’ /./ g
TF-Mamba 33.05 55.18 69.88 69.24 0.5235 0.359 w12 0.8 0.6 /)
TCMR-MRSC 3327 5546 7003 6876 0.5446 0341 ESN s s 74
TCMR-TPSC 31.15 5745 7281 68.88 0.5212 0.379 ’ /V/Z/ ' /”/
0.8*?7 ! ! i i 0.6 : ; ; ; ; 0.5 = : : :
Table 2: Comparison of the overall performance on the o0 oMziss?ﬁg Rate ¢ OMziss?ﬁg Rate - ¢ ?\hziss?'r?g Rate
(d) (e) (f)

SIMS dataset. Note: TCMR-LDSC is excluded since it
is based on an English sentiment lexicon.

* TCMR-MRSC: estimates completeness us-
ing Missing Rate-based Semantic Complete-
ness (MRSC), which measures completeness
according to the missing rate of text.

* TCMR-LDSC: To better analyze the effec-
tiveness of TPSC, we design Lexicon-Derived
Semantic Completeness (LDSC). LDSC gen-
erates completeness labels based on sentiment
scores of individual tokens obtained from Sen-
tiWordNet (Baccianella et al., 2010). Specifi-
cally, we first compute the sentiment strength
of the complete text by accumulating the sen-
timent scores of all tokens. Then, the same
procedure is applied to the incomplete text.
As aresult, the completeness label is defined
as the ratio between the two strengths. Fur-
ther implementation details are provided in
Appendix D.1.

Overall Performance Tables 1-2 present the
evaluation results of various models on three MSA

Figure 4: Performance curves under various missing
rates. (a)—(c): Accuracy on MOSI (Acc-7), MOSEI
(Has0 Acc), and SIMS (Acc-2). (d)—(f): MAE on MOSI,
MOSEI, and SIMS.

benchmark datasets. On the MOSI dataset, TCMR-
TPSC achieves state-of-the-art performance across
all evaluation metrics. In particular, TCMR-TPSC
improves Acc-5 by 6.68% and reduces MAE by
6.37% compared to LNLN. Among the TCMR- vari-
ants, TCMR-TPSC consistently achieves the best
performance across all datasets. This is because
TCMR-MRSC struggles to capture the actual se-
mantic loss from the text, as it relies solely on the
missing rate. TCMR-LDSC, on the other hand, es-
timates completeness based on sentiment scores
assigned to individual tokens, which does not con-
sider contextual semantics and can lead to inac-
curate completeness labels. These results further
highlight the importance of semantic-aware com-
pleteness estimation. Further analyses with com-
petitive baselines are provided in Appendix E.

On the MOSEI and SIMS datasets, TCMR-
TPSC consistently shows strong performance



Table 3: A comprehensive ablation study of the proposed TCMR framework on the MOSI and MOSEI datasets.

Method MOSI MOSEI
etho Acc-7 Acc-5 Non0O Acc/F1 HasO Acc/F1 MAE Corr |Acc-7 Acc-5 NonO Acc/F1 HasO Acc/F1 MAE Corr
w/o AOS
CompNet-first | 27.67 30.65 66.88/66.84 66.45/66.29 1.1671 43.06|43.33 43.48 65.37/64.09 69.14/65.16 0.7827 32.61
End2End 29.68 32.07 68.15/68.04 67.58/67.36 1.1849 49.15|46.82 47.75 77.97/77.43 76.27/76.44 0.6619 58.71
CompNet-later| 32.24 36.17 71.16/71.22 70.41/70.37 1.0944 50.91|43.11 43.86 73.75/71.83 74.58/73.47 0.7547 46.85
w/o IPFG ‘ 31.31 34.81 69.02/68.91 68.65/68.42 1.1674 45.89‘ 46.05 47.06 75.92/75.80 72.71/73.45 0.6816 57.22
TCMR (Full) ‘ 32.80 36.73 72.01/71.67 70.93/70.49 1.0721 52.28‘ 47.27 48.16 77.99/76.99 77.59/77.21 0.6614 58.63

Table 4: A comprehensive ablation study of the proposed
TCMR framework on the SIMS dataset.

Method | Acc-5 Acc-3 Acc-2 F1 - MAE  Corr
w/o AOS
CompNet-first | 22.92 53.79 69.82 60.81 0.5764 0.171
End2End 29.26 53.92 68.57 67.71 0.5374 0.321
CompNet-later | 29.71 5549 70.04 68.48 0.5416 0.339
w/o IPFG | 30.15 55.57 70.09 66.93 0.5451 0.336
TCMR (Full) \31.15 57.45 72.81 68.88 0.5212 0.379

across most evaluation metrics. In particular, on
MOSE]I, it achieves the best results on HasO Acc
/ F1, MAE, and Corr, while remaining compet-
itive on Acc-7, Acc-5, and NonO Acc / F1. On
SIMS, it achieves the best results on Acc-3, Acc-
2, MAE, and Corr. While TCMR-TPSC shows
slightly lower performance on a few classification
metrics compared to CENet and P-RMEF, this can be
attributed to the discretization involved in comput-
ing such metrics. For instance, Acc-7 converts con-
tinuous sentiment predictions into discrete classes
via rounding. When a prediction lies close to a
rounding boundary, it may fall into a different class
than the ground truth, leading to misclassification
despite a lower regression error. For this reason,
regression metrics more accurately reflect the pre-
cision of sentiment prediction. A more detailed
analysis is provided in Appendix E.1.

To provide a comprehensive comparison with
reconstruction-based approaches, we plot perfor-
mance changes across missing rates in Figure 4. As
shown in the figure, TCMR-TPSC consistently out-
performs baseline methods, even as the missing rate
increases. These results support our motivation that
accurately estimating semantic information loss in
incomplete text enables effective reconstruction of
missing semantics, thereby leading to improved
overall performance.

5 Ablation Study

As shown in Table 3 and Table 4, we conduct
an ablation study on the MOSI, MOSEI, and
SIMS datasets to analyze the contribution of each
component. In the w/o AOS setting, we design
several alternative multi-task optimization strate-
gies. In CompNet-first, we first optimize ©°™P,
and then optimize the remaining modules while
freezing both the shared BERT encoder and the
trained CompNet. In contrast, CompNet-later first
optimizes ©°"°" using the completeness label
w, and then optimizes #°°™ while freezing the
shared BERT encoder. End2End jointly optimizes
all model parameters without any staged optimiza-
tion. In the w/o IPFG setting, we replace IPFG with
a simpler proxy feature generator following prior
work (Zhang et al., 2024a). Specifically, instead
of generating modality-specific proxy features and
combining them through a gating mechanism, the
audio and vision features are directly used as inputs
to a single network that produces the proxy feature.

According to Table 3, CompNet-first consis-
tently achieves the lowest performance across all
datasets. One possible reason is that freezing the
shared BERT encoder after completeness learning
prevents it from being further adapted for sentiment
prediction, leading to misalignment between the
two objectives. This result highlights the necessity
of continuously updating the shared BERT encoder
across both tasks, while preserving the hierarchical
structure from completeness learning to sentiment
learning. In contrast, CompNet-later achieves rel-
atively competitive performance with TCMR (Full)
on MOSI, while it performs relatively worse on
MOSEI. We attribute this discrepancy to the differ-
ences in scale and characteristics between the two
datasets. Compared to MOSI, MOSEI contains sub-
stantially more samples and covers a wider range of
topics, indicating that a broader range of sentiment
expression patterns must be learned. As a result,
learning completeness estimation by optimizing a
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Figure 5: Comparison of error-triggering sentiment clue
tokens across two benchmark datasets. Each histogram
shows the frequency of missing tokens that cause mis-
classification in the sentiment classifier.

CompNet with relatively few parameters after the
shared BERT encoder has already been optimized
for ground-truth sentiment labels may be insuffi-
cient to capture the diverse patterns present in MO-
SEI. In this regard, End2End shows relatively more
competitive performance on MOSEI than on MOSI,
which we attribute to MOSEI’s greater diversity re-
ducing the influence of the dominant task, thereby
naturally alleviating gradient conflict. Nevertheless,
its inherent end-to-end nature still results in sub-
optimal performance compared to TCMR (Full).
Removing IPFG consistently degrades performance
across all datasets. This suggests that it adaptively
regulates the contribution of each auxiliary modal-
ity for incomplete text reconstruction, effectively
filtering redundant information while enhancing
complementary semantic cues.

6 In-depth Analysis

Sentiment Token Sensitivity To further exam-
ine the effectiveness of the TPSC label, we conduct
a sensitivity analysis on sentiment-related tokens.
First, we collect samples that are correctly classi-
fied by a pretrained sentiment polarity classifier
on complete textual inputs. For each sample, we
construct a perturbation token set by masking each
word token in turn. Then, we count the frequency of
tokens whose masking causes a previously correct
prediction to become incorrect (detailed procedures
are provided in Appendix D.2).

Key Semantic Cue “PRESENT” Key Semantic Cue “MISSING”

Missin: “uh huh, how t ting an

R e “and he was boring” uh uh, ? abouv acting and

ate action justso
uLoWu
LNLN: Negative « TCMR: Negative LNLN: Posit'\ve- TCMR: Negative

Missing “ it’s truly heartbreaking “«

Rate which | »
“HIGH"/ ”

LNLN: Posw‘tive. TCMR: Negative « LNLN: Negalive. TCMR: Positive «

Figure 6: Qualitative comparison between the LNLN
and TCMR models under varying missing-text condi-
tions. Each cell presents an example utterance where
key semantic cues are either present or missing.

As shown in Figure 5, misclassifications are con-
centrated on affective tokens such as [’boring’],
['not’], and [ ’fun’]. This observation supports our
hypothesis that TCP indeed reflects the preserva-
tion of sentiment-relevant information, as discussed
in Section 3.4. Consequently, CompNet provides a
more accurate estimate of semantic completeness,
enabling more reliable reconstruction by maximiz-
ing complementary semantic information from aux-
iliary modalities.

Case Study Figure 6 illustrates how LNLN and
TCMR behave under different missing-text condi-
tions. Overall, LNLN fails to accurately reconstruct
missing semantics. This stems from overestimat-
ing or underestimating the semantic information
remaining in incomplete text, leading to incorrect
sentiment prediction. In contrast, TCMR produces
correct predictions through more accurate com-
pleteness estimation. This allows TCMR to adap-
tively balance its reliance on auxiliary modalities
based on the extent of semantic loss, resulting in a
more faithful reconstruction. Notably, the bottom-
right cell provides an interesting insight. Although
LNLN can estimate completeness accurately in this
case, due to the high missing rate and the loss of
a key sentiment token, it still fails to produce the
correct sentiment prediction. This suggests that in-
accurate completeness estimation during training
may limit LNLN’s ability to reconstruct missing
semantics. Therefore, accurately estimating the se-
mantic information retained in incomplete text is
crucial not only for effective reconstruction but also
for stable sentiment prediction.

Comparison of Completeness Labels Table 5
provides a qualitative comparison of different com-
pleteness labeling strategies under random missing
conditions. Cases 3 and 4 highlight the limitations
of MRSC. Since MRSC estimates completeness



Table 5: Qualitative comparison of completeness labels. Each case shows how MRSC, LDSC, and TPSC assign
completeness labels depending on whether sentiment-related tokens are missing. In the TPSC column, the value in
parentheses denotes P(ys, | complete), while the value above it denotes P(y,, | incomplete). v and X indicate
correct and incorrect completeness estimation, respectively.

Case Complete Text Incomplete Text MRSC LDSC TPSC
1 I was happy to see it I [UNK] happy to see it 0.8333/ | 0.9888 v ?0'99206) v
. . [UNK] soundtrack [UNK] [UNK]

y | The S(’“sr(’)f;rea‘;gaﬁ goffaitzgsalsly 200d | FUNKT really [UNK] [UNK] [UNKT | 0.1818 v | 0.0044 | 23977

vE & [UNK] [UNK] (0.9665)
3 But it was really really awesome but it was [UNK] [UNK] [UNK] 0.5000X | 0.0112v ?0.39;;709) v
4 Kids are gonna love the film [UNK] [UNK] [UNK] love the [UNK] | 0.3333 X | 0.9808 v/ ?0?357318) v
5 I will admit I’'m a big Johnny Depp T will [UNK] I’'m [UNK] big Johnny 079317 | 0.0690 X 0.9160 v

fan Depp fan (0.9491)

and you’re better off saving your and [UNK] better [UNK] saving [UNK]

6 money uh and maybe renting it when mo}?ey .[UNK] LUNK] maybelrlentmg 05921 0.9928 X 04608 v

it comes out on uh video so when it [UNK] out [UNK] uh [UNK] (0.6153)

[UNK]

7 I really dig this movie I [UNK] [UNK] this [UNK] 0.4000 X | 0.5000 x ?() 19:)376) v

solely based on the proportion of missing tokens,
it cannot capture the actual semantic information
loss in the incomplete text. In contrast, LDSC and
TPSC more appropriately reflect completeness by
considering the semantic importance of sentiment-
related tokens. Cases 5—7 reveal the limitations of
LDSC. For example, in Cases 5 and 7, words such
as [fan’] and [’dig’] are used as positive senti-
ment expressions. However, as SentiWordNet as-
signs sentiment scores based on the most frequent
sense of a word, the assigned score may differ from
the sense used in the actual context. Moreover, in
Case 6, [ 'better’] is assigned a positive sentiment
score in SentiWordNet, leading LDSC to yield a
high completeness value even though the overall
sentence conveys negative sentiment. In contrast,
TPSC produces relatively correct completeness in
these challenging cases due to its ability to capture
sentiment based on the context of the full sentence
rather than individual words.

7 Conclusion

In this work, we reinterpret semantic information
loss in incomplete data based on the change in
target-class probability between complete and in-
complete data to address the performance degrada-
tion of text-centric fusion models in MSA caused
by noisy or missing data. First, we generate pseudo-
labels that provide supervision for training a com-
pleteness estimator. We further propose an opti-

mization strategy that mitigates gradient conflicts
between the completeness estimation and senti-
ment prediction tasks, thereby stabilizing hierar-
chical multi-task learning. We believe the proposed
completeness estimation approach can be broadly
applied beyond MSA, such as confidence-aware
decision making and low-quality data detection or
restoration.

Limitations

Although TCMR consistently outperforms existing
reconstruction-based MSA models, several limita-
tions remain to be addressed in future work. First,
this study only focuses on reconstructing semantic
information loss in the textual modality. Extend-
ing the TPSC-based completeness estimation to
other modalities, such as audio and vision, could
improve general multimodal fusion approaches be-
yond text-centric fusion. Second, TCMR relies on
pseudo-labeling, which inherently introduces po-
tential noise in the supervision signal. Future work
could mitigate this issue by adopting confidence-
aware filtering, using only high-confidence TPSC
predictions as pseudo-labels while relying on com-
plementary strategies such as LDSC for less confi-
dent samples. For samples where both TPSC and
LDSC yield low confidence, human verification
could be incorporated to further reduce label noise.
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A Implementation Details

A.1 Dataset Statistics

Table 6: Statistics of the MOSI, MOSEI, and SIMS
datasets used in our experiments.

MOSI MOSEI SIMS
#Samples 2,199 22,856 2,281
Train/ Val / Test 1,284/229/686 16,326/ 1,871/4,659 1,368/456 /457
#Speakers 93 1,000+ -
#Topics 89 250+ -
Source YouTube YouTube Movies / TV
Annotation Type  Utterance-level Utterance-level Utterance-level
Sentiment Score -3to+3 -3to+3 —lto+1

Table 6 provides key statistics of the three bench-
mark datasets used in our experiments. Among
them, MOSEI stands out as substantially larger and
more diverse in speakers and topics than MOSI
and SIMS, resulting in greater variability across
acoustic, visual, and textual modalities. Due to this
diversity, MOSEI is considered a more challenging
benchmark than MOSI and SIMS.

A.2 Model Configuration

The proposed TCMR model was implemented in
PyTorch (v2.2.1) with Python 3.11.7 and trained
on a workstation with an NVIDIA GeForce RTX
4090 GPU and an AMD Ryzen Threadripper PRO
5975WX CPU. To offer a thorough specification
of our architecture design, Table 7 provides the de-
tailed configurations of all modules within TCMR.

A.3 Evaluation Metrics

Following prior work (Zhang et al., 2024a), we
adopt the same evaluation metrics. For MOSI and
MOSEI, we report both classification metrics (Acc-
7, Acc-5, NonO Acc / F1, HasO Acc / F1) and re-
gression metrics (MAE, Corr). The classification
metrics are computed by discretizing the contin-
uous sentiment scores into predefined sentiment
intervals. For SIMS, we report Acc-2, Acc-3, Acc-
5, F1, MAE, and Corr. NonO Acc denotes nega-
tive/positive classification (excluding zero-valued
samples), whereas HasO Acc denotes negative/non-
negative classification, where zero-valued samples
are treated as non-negative.

A.4 Multimodal Fusion Module

The multimodal fusion module follows the design
of prior work (Zhang et al., 2024a), and its key com-
ponents are briefly summarized here. Starting from
the reconstructed text representation H,, a refine-
ment Transformer encoder applies self-attention,

producing layerwise refined features H;r @ with

i€ {1,...,0"}. Based on Hj(i), cross-modal at-
tention integrates complementary cues from vision
and audio across multiple layers. At each layer,
the current refined text feature I :r @ serves as the
query and attends to H,, and H,, while the fused

representation updates HJ(CZ) through residual ac-
cumulation. In compact form, Hj(f) _ H](Ci—l) n

MHA(H,"", H,) + MHA (H,", H,) where H!
is a learnable embedding and MHA (@, K) denotes
multi-head attention with query @ and key and
value from K. A CrossTransformer then models
interactions between [Hj(f ), H; $ )], and a re-

gression head outputs the final sentiment prediction
9.

B Sentiment Polarity Classes

B.1 Definition of Sentiment Polarity Classes

To utilize TCP, we convert continuous senti-
ment scores into discrete polarity classes. As
the score ranges differ across datasets, the class
boundaries are defined separately for SIMS and
MOSI/MOSEL

For the SIMS dataset, polarity classes are defined
using fixed interval thresholds. Specifically, the
2-class setting divides the scores into [—1.0, 0.0]
and (0.0, 1.0]. The 3-class setting introduces a neu-
tral region, resulting in [—1.0, —0.1], (—0.1,0.1],
and (0.1,1.0]. The 5-class setting adopts a finer
partition given by [-1.0,-0.7], (—0.7,-0.1],
(—0.1,0.1], (0.1,0.7], and (0.7, 1.0].

For the MOSI and MOSEI datasets, polarity
classes are defined by mapping sentiment scores
into discrete levels. The 2-class setting separates
negative (< 0) and non-negative (> 0) sam-
ples. The 3-class, 5-class, and 7-class settings
correspond to {—1,0,1}, {-2,-1,0,1,2}, and
{-3,-2,-1,0,1, 2,3}, respectively.

B.2 Optimal Choice of Class Granularity

We conduct comparative experiments with k €
{2,3,5,7} (MOSI/MOSEI) and k£ € {2,3,5}
(SIMS) and select k = 3 (MOSI/MOSEI) and k
=2 (SIMS) based on validation performance. As
shown in Table 8, this configuration also yields the
best test-set performance.

C Gradient Conflict Analysis

In multi-task learning, jointly optimizing multiple
losses often leads to gradient conflicts, resulting in
biased optimization where certain tasks dominate



Table 7: Network configurations of TCMR. Transformer-based modules list the number of layers, sequence lengths,
token counts, input dimensions, attention heads, and hidden dimensions for both MOSI and MOSEI (shown as MOSI
/ MOSEI). MLP-based modules display the input dimensions and hidden-layer widths used in each component.

Module (MOSI/ MOSEI) Type Notation #Layers Seq.len Tokenlen Inputdim #Heads Hidden dim
Transformer-based modules

BERT Encoder Transformer gbert 12 50/50 50 768 /768 12 768
Text Encoder Transformer o 2 49/49 8 768 /768 8 128
Audio Encoder Transformer guans 2 375/500 8 5174 8 128
Vision Encoder Transformer [ 2 500/ 500 8 20/35 8 128
A2T Generator (audio — text) Transformer [ 2 16/16 - 128 /128 8 128
V2T Generator (vision — text) Transformer oz 2 16/16 - 1287128 8 128
Text Refinement Transformer Transformer ot 2 8/8 - 128 /128 8 128
CrossTransformer (fusion head) Transformer 6o 2 8/8 - 128 /128 8 128
Reconstructor (Audio) Transformer oreeon 2 8/8 - 128 /128 8 128
Reconstructor (Vision) Transformer geon 2 8/8 - 1287128 8 128
MLP-based modules

Completeness Estimator (CompNet) MLP 9“”?{’ 6 - - 7687768 - [768, 768, 1536, 768, 384, 1]
Polarity Classifier (Classifier) MLP Gppasifier 2 - - 768 /768 - [384, 3]
Gating Network (GateNet) MLP e 2 - - 256 /256 - (128, 1]
Text Regressor (Regressor) MLP resressor 1 - - 1287128 - [1]

Table 8: Performance sensitivity to sentiment class gran-
ularity (k) in TPSC label generation.

(a) MOSI dataset

Model

TPSC-2cls
TPSC-3cls
TPSC-5cls
TPSC-7cls

Acc-7

31.45
32.80
30.96
32.16

Acc-5

36.01
36.73
35.12
35.35

Non0 Acc/F1

70.01/69.91
72.01/71.67
69.51/69.09
70.85/70.76

Has0 Acc/F1

69.46 /1 69.25
70.93/70.49
68.93/68.42
69.74 1 69.54

MAE

1.1073
1.0721
1.1449
1.1040

Corr

50.66
52.28
49.62
49.28

(b) MOSEI dataset

Has0 Acc/F1

76.31/76.53
77.59/717.21
75.46/75.95
77.15/76.79

Model

TPSC-2cls
TPSC-3cls
TPSC-5cls
TPSC-7cls

Acc-7

46.41
47.27
46.94
46.75

Acc-5

47.25
48.16
47.96
47.63

Non0 Acc/F1

77.761717.32
77.99/76.99
77.79171.56
77.74176.74

MAE

0.6677
0.6614
0.6638
0.6667

Corr

57.95
58.63
59.28
57.81

(c) SIMS dataset

MAE

0.5212
0.5478
0.5465

Corr

0.379
0.321
0.329

Model

TPSC-2cls
TPSC-3cls
TPSC-5cls

Acc-5

31.15
32.43
33.14

Acc-3

5745
56.23
55.45

Acc-2 F1

72.81 68.88
71.72  68.96
69.13  68.06

while others are under-optimized. To address this
problem, prior work (Chen et al., 2018; Yu et al.,
2020a) has proposed methods that mitigate gradi-
ent conflicts by adjusting gradient magnitudes or
directions during training. For example, Chen et al.
(2018) propose GradNorm, a method that automat-
ically balances multiple tasks during training by
adjusting the magnitudes of gradients derived from
each task-specific loss, ensuring that all tasks learn
at a similar rate. Yu et al. (2020a) propose PCGrad,
which reduces gradient interference by projecting
conflicting gradients onto the normal plane of other
task gradients.

To validate the effectiveness of AOS, we conduct

Table 9: Gradient conflict rate (GCR) analysis measured
during training. FS0/L50 denote the first and last 50%
of training epochs, respectively.

Method GCR (%) \L Ecamp \L
All  F50 LS50

E2E 51.27 51.16 54.36 0.1634

GradNorm 54.84 56.55 53.16 0.1294

PCGrad 52.33 57.43 48.70 0.0340

AOS 48.47 53.67 43.33 0.0055

comparative experiments using existing methods
as baselines. Table 9 presents the gradient conflict
rates during training and the corresponding conver-
gence behavior of the completeness estimation loss,
following the protocol of prior work (Zhang et al.,
2024b). In joint training, L¢omp tends to converge
to a local optimum, which leads to an increase in
GCR (see E2E in Table 9). While GradNorm and
PCGrad mitigate gradient conflict, they are still
insufficient to escape local optima due to the fun-
damental limitation of joint training. In contrast,
AOS removes interference from other losses dur-
ing the CompNet training phase, thereby effectively
mitigating suboptimal convergence of Lcomp.

D Analysis of Completeness Labels

D.1 Lexicon-derived Completeness Label

To further validate the effectiveness of the proposed
TPSC, we introduce Lexicon-Derived Semantic
Completeness (LDSC) as a comparison baseline.
LDSC measures completeness by explicitly quan-



Complete text: I love this movie

Incomplete text: I [UNK] this movie
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Figure 7: Illustration of LDSC computation

tifying how much sentiment-related lexical infor-
mation remains in the incomplete text. Specifically,
we adopt SentiWordNet (Baccianella et al., 2010),
a widely used lexical resource for sentiment analy-
sis. SentiWordNet provides positive and negative
sentiment scores for each word.

Figure 7 illustrates the overall process of generat-
ing the LDSC label. First, we define the sentiment
intensity score of a token ¢ as:

s(t) = max (pos(t), neg(t)), (15)
where pos(t) and neg(t) denote the positive and
negative sentiment scores of the token. Using this
token-level score, we compute the total sentiment-
related content of the complete and incomplete

text:
Scomp: Z S(t)7 (16)
tE€Tcomp
Sincomp: Z S(t), (17)
tej—%noomp

where T¢omp and Tincomp denote the token sets of
the complete and incomplete text, respectively. Fi-
nally, LDSC-based completeness is computed as:

Sincomp +e

Widse =
sc Scomp T 9’

(18)

where ¢ is a small smoothing constant introduced
to avoid numerical instability and degenerate cases
in which both S¢omp and Sincomp become zero. Intu-
itively, when w45 =~ 0, most key sentiment tokens
are missing, whereas w;gs. = 1 indicates that the
sentiment-related information is largely preserved.

D.2 Sentiment Token Sensitivity of TPSC

This subsection provides a more detailed descrip-
tion of the sentiment token sensitivity analysis in-
troduced in Section 6.
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Figure 8: Token-level sensitivity analysis across differ-
ent confidence thresholds. Subfigures (a)—(c) present
results on the MOSI dataset, while (d)—(f) show the cor-
responding results on the MOSEI dataset.

Analysis Procedure. To evaluate the sensitivity
of pseudo completeness labels to key sentiment
tokens, we conduct an analysis following a four-
step procedure:

* Step 1: Correct-sample filtering. A pre-
trained sentiment polarity classifier is applied
to the complete textual inputs, and only the
correctly classified samples are selected for
subsequent steps. Note that a sample is in-
cluded only when the true-class probability
¢ € [0, 1] exceeds a predefined threshold.

* Step 2: Token-wise Augmentation via Mask-
ing. For each correctly classified sample, we
generate augmented samples by sliding a win-
dow over the sequence and removing exactly
one token at each position, replacing it with
[UNK]. For example, the sentence “I love this
movie” produces four augmented samples:

(1) [UNK] love this movie.
(2) I [UNK] this movie.
(3) Ilove [UNK] movie.
(4) Ilove this [UNK].

* Step 3: Re-evaluation of augmented sam-
ples. Then, each augmented sample is passed
through the same classifier used in Step 1, and
we collect the samples in which masking a
specific token causes the predicted sentiment
to flip to the opposite polarity (e.g., positive
— negative or negative — positive).

* Step 4: Identification of error-triggering
tokens. Using the polarity-flip samples col-
lected in Step 3, we examine which token in



each flipped sample triggers misclassification
and compute how frequently each token leads
to a misprediction.

Analysis Results Figure 8 illustrates which to-
kens trigger polarity flips when masked under dif-
ferent thresholds. In both datasets, we consistently
observed that as the threshold increases key senti-
ment tokens remain at the top while semantically
ambiguous tokens naturally disappear. In MOSI,
[I’] is a sentiment-neutral token. One possible ex-
planation is that masking it creates an ambiguous
context before the verb, which may resemble nega-
tion patterns (e.g., “don’t”) learned during training
and occasionally lead to prediction flips. In MO-
SEI, the token [’'two’] is also observed among the
flip-triggering words. This is because in the origi-
nal sentence “I give the movie two out of five stars”
the token [ 'rwo’] serves as an explicit negative cue.
Overall, the consistent emergence of key sentiment
tokens at higher confidence thresholds suggests that
the text classifier is well calibrated with respect to
semantic cues.

D.3 Upper-Bound Analysis

Table 10: Comparison between TCMR and its upper-
bound variant TCMR-ub.

Method Acc-5 Acc-2 MAE Corr
MOSI Dataset

TCMR 36.73 70.93 1.0721 52.28

TCMR-ub 41.24 77.57 0.9305 65.03

MOSEI Dataset

TCMR 48.16 77.59 0.6614 58.63

TCMR-ub 58.72 79.83 0.5697 71.78
SIMS Dataset

TCMR 31.15 72.81 0.5212 37.91

TCMR-ub 40.39 73.69 0.3991 66.47

To validate the effectiveness of the pseudo-labels,
we compare the performance of TCMR-ub, trained
with target TPSC labels. Specifically, TCMR-ub is
trained by directly using the pseudo-labels instead
of training the confidence estimator, enabling us to
assess the upper-bound performance of our frame-
work. As shown in Table 10, TCMR-ub consis-
tently outperforms TCMR across all metrics. This
indicates that the pseudo-labels provide a meaning-
ful and effective signal for guiding the reconstruc-
tion process.

D.4 Failure Cases of TPSC

Dataset Accuracy (%) Error Rate (%)
MOSI 74.92 25.08
MOSEI 66.98 33.02
SIMS 79.07 20.93

Table 11: Accuracy of the pretrained sentiment polar-
ity classifier used for TPSC pseudo-labeling on each
dataset’s complete text. The higher error rate indicates
a greater likelihood of noisy pseudo-labels.

Since TPSC is based on pseudo-labeling, incorrect
completeness labels may be generated when the
classifier misclassifies samples even on complete
data. This is a fundamental limitation of pseudo-
label-based approaches that do not rely on human
annotations. To assess the prevalence of such fail-
ure cases, we evaluated the performance of the pre-
trained classifier on each dataset. Table 11 shows
that MOSEI exhibits relatively lower accuracy com-
pared to other datasets, likely due to its higher
complexity. This suggests that the noisier pseudo-
labels in MOSEI can partially explain its relatively
weaker generalization performance.

We further analyzed failure cases and observed
that misclassifications mainly occur in ambiguous
and sarcastic expressions, as shown in Table 12.
These cases are inherently challenging to predict
using only the text modality. Despite these limita-
tions, the impact of such mispredictions on com-
pleteness estimation is limited. Due to their low
TCP, TPSC assigns low completeness scores to
misclassified samples, preventing overestimation
of completeness and encouraging reliance on proxy
features.

E Analyses with competitive baselines

E.1 Metric-Level Comparison

In MSA tasks, both classification and regression
performances are evaluated to provide a compre-
hensive assessment. However, classification met-
rics may not fully represent the quality of sentiment
prediction in certain cases due to discretization in
their computation.

Specifically, this discretization process discards
fine-grained differences between predictions within
the same rounding interval. For example, when
computing the classification metrics (e.g., Acc-7,
Acc-5), continuous sentiment predictions are first
converted into discrete classes via rounding, which



Pattern Utterance GT Pred TCP
Ambicuous There are some funny moments Neutral ~ Positive  0.038
& Um I did enjoy it Neutral ~ Positive  0.027
Sarcasm Hi I’'m pretty I have a giant smile I’'m supposed to know things um walk of screen Negative Positive 0.131
He um had all the charm of a narcissist xxx boy the whole film Negative Positive  0.022

Table 12: Representative failure cases of the pretrained classifier in TPSC pseudo-labeling.

Dataset TCMRvs Acc-7 Acc-5 Non0 A/F Has0 A/F MAE Corr W-L
MOSI CENet +3.31 +3.83 +2.13/+1.73 +1.50/+1.10 +0.108 +4.04 8-0
P-RMF +3.89  +5.49 +2.10/+2.10 +1.65/+1.65 +0.058 +2.21 8-0
MOSEI CENet —0.09 —-0.08 +0.98/—-027 +1.63/+0.98 +0.001 +0.39 5-3
P-RMF +0.26 +0.34 —0.08/-0.77 +0.41/+0.30 +0.005 +0.18 6-2
Dataset TCMRvs Acc-5 Acc-3 Acc-2 F1 MAE Corr W-L
SIMS CENet +9.54 +3.97 +3.58 +1191 +0.109 +0.365 6-0
P-RMF —1.57 +0.15 +223 —148 +0.022 +0.018 4-2

Table 13: Detailed comparison between TCMR-TPSC and CENet/P-RMF on MOSI, MOSEI, and SIMS.

may lead to inconsistencies near class boundaries,
as follows:

* GT: 1.4 — round(1.4) — class 1
* Model A: 1.55 (MAE = 0.15) — class 2
e Model B: 1.10 (MAE = 0.30) — class 1

As shown in Table 13, except for a few classifi-
cation metrics, TCMR-TPSC consistently outper-
forms CENet and P-RMF across all benchmark
datasets. This indicates that TCMR provides more
reliable sentiment prediction overall.

E.2 Training Efficiency Analysis

Table 14: Comparison of model complexity and training
time per epoch.

Model # Params (M)  Time / Epoch (s)
LNLN 115.97 15.40
P-RMF 117.31 18.00
TF-Mamba 111.30 11.12
TCMR 119.23 12.48

As shown in Table 14, TCMR achieves
the second-fastest training speed, following TF-
Mamba. This is because the reconstruction mod-
ules used in LNLN and P-RMF involve more com-
putationally intensive operations, whereas TCMR
employs a lightweight MLP-based CompNet. As a
result, the additional optimization steps introduced
by AOS do not significantly increase the overall
training cost.
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Figure 9: Error bars indicate standard deviations. As-
terisks denote statistical significance (* p < 0.1, ** p <
0.05, *** p < 0.01).

E.3 Statistical Analysis

To examine the statistical significance of perfor-
mance differences among models, we conduct com-
parative experiments on the MOSI dataset with
LNLN, P-RMF, and TCMR. As shown in Fig-
ure 9, TCMR achieves statistically significant per-
formance improvements across most evaluation
metrics.
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