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Abstract
Multimodal sentiment analysis (MSA) seeks to decode hu-
man emotions by integrating heterogeneous modalities. How-
ever, real-world scenarios often involve missing or mis-
aligned data due to sensor failures or transmission errors,
leading to disrupted temporal dynamics and degraded cross-
modal correlations. To address these challenges, we pro-
pose RECAP (REcovery of Coherent Affective Patterns), a
robust two-stage framework to restore temporal and struc-
tural emotional integrity under modality incompleteness. The
first stage employs a causality-aware adversarial generator
for multi-granularity temporal reconstruction, complemented
by a contrastive mutual information factorization module
that disentangles shared and modality-specific semantics. The
second stage introduces a mutual information-guided atten-
tion fusion mechanism with a ranking-based objective, en-
abling adaptive integration of complementary signals for re-
fined prediction. Extensive experiments on MOSI, MOSEI,
and SIMS under various missing-modality conditions demon-
strate that RECAP consistently outperforms state-of-the-art
methods. Notably, it improves ACC-7 on MOSI by 2.71 per-
centage points and F1 on SIMS by 6.38 percentage points.
These results verify the performance of RECAP in terms of
capturing fine-grained emotional cues and robustness.

Code — https://github.com/Taylor-HHT/RECAP-MSA

Introduction
Multimodal sentiment analysis (MSA) integrates comple-
mentary signals from diverse sensory modalities to achieve
comprehensive understanding of human emotions. It has
demonstrated remarkable success in a multitude of do-
mains including affective computing (Yi et al. 2024), health-
care (Yao et al. 2024; Lan et al. 2025), social media un-
derstanding (Deng, Ananthram, and McKeown 2025), and
human-computer interaction (Jiang et al. 2020). However,
existing MSA methods typically depend on the unrealistic
assumption that all modalities are fully observed and per-
fectly aligned (Zhang et al. 2023; Yi et al. 2024; He et al.
2025), which compromises their effectiveness in modality
absence settings. In the real world, modality inputs are fre-
quently incomplete or degraded due to sensor malfunctions,
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Figure 1: Illustration of the motivation. Left: Temporal con-
tinuity across frames supports missing segment inference.
Right: Modality information may be degraded due to occlu-
sion, transcript loss, or noise, requiring cross-modal consis-
tency and complementary cues for recovery.

asynchronous sampling, or environmental noise (Yao et al.
2024; Sun et al. 2024). Such imperfections pose significant
challenges to model robustness and underscore the necessity
for models capable of inferring meaningful semantics from
partial and misaligned multimodal data (Zhang et al. 2024).

Recent effort has been dedicated to addressing incom-
plete modality data by leveraging joint learning (Tang et al.
2021; Zeng, Liu, and Zhou 2022; Li, Yang, and Zhang 2023)
and generative methods (Sun et al. 2023; Zhang, Wang,
and Yu 2024). Joint learning approaches aim to infer the
latent representations of missing modalities from available
ones. For instance, ShaSpec (Wang et al. 2023b) addresses
missing modality inference by decomposing observed in-
puts into shared and modality-specific components, leverag-
ing the shared space to approximate the missing represen-
tations. While attractive, its decomposition relies on aux-
iliary objectives like domain classification and distribution
alignment, which offers only indirect control over the se-
mantic disentanglement. Moreover, directly utilizing multi-
modal data with uncertain missing information often leads
to poor common space projection, which consequently de-
grades overall performance (Sun et al. 2024). Additionally,
the aforementioned work is developed to handle the total of
one or more modalities, which seldom reflects real-world
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scenarios where stochastic and partial missing data across
modalities is far more common (Tao et al. 2025).

The other representative method is generative learning,
which generate missing data based on observed modality
distributions. For example, LNLN (Zhang, Wang, and Yu
2024) designs a language-dominant framework that esti-
mates the completeness of the language modality and gen-
erates proxy features from visual and acoustic inputs to
compensate language degradation. While effective in cer-
tain settings, these methods often overlook the inherent tem-
poral causality and structural affective patterns embedded
in multimodal data. As illustrated in Figure 1, multimodal
videos encode affective information along two essential di-
mensions: temporal dynamics and structural modality in-
teractions. Temporally, video frames exhibit sequential and
causal dependencies, where each frame builds on prior con-
text, thereby providing an inductive bias for inferring miss-
ing segments. Structurally, sentiment is distributed across
heterogeneous modalities such as text, visual and audio,
each capturing distinct yet complementary affective cues.
Disruptions in any modality can compromise the affective
interplay, making it imperative for generative models to ac-
count for both cross-modal consistency and modality com-
plementarity during the reconstruction process.

To bridge this gap, we propose RECAP, a novel two-stage
framework for REcovering Coherent Affective Patterns.
Unlike prior approaches, RECAP leverages a generative
paradigm to explicitly reconstruct coherent affective dy-
namics that are both temporally grounded and structurally
complete. Specifically, RECAP integrates a Hierarchical
Causality-aware Adversarial Generation (H-CAG) mecha-
nism and a contrastive Factorized Information Decompo-
sition (FID) strategy, which together enable robust recov-
ery by modeling temporal dependencies and quantifying
structured representations. The Mutual Information-guided
Ranking (MIR) module further facilitates adaptive signal fu-
sion by prioritizing informative modalities according to their
task-relevant informativeness. Moreover, our method is gen-
erally applicable to common multimodal scenarios encom-
passing stochastic and partial multimodal inputs.

Overall, our contributions are summarized as follows:

• We propose a novel two-stage framework RECAP, which
consists of modality completion and adaptive fusion, en-
abling the model to restore coherent temporal and struc-
tural affective cues while effectively integrating comple-
mentary information for robust MSA. To the best of our
knowledge, RECAP is the first to explicitly model both
temporal and structural affective information caused by
modality incompleteness.

• Our framework integrates two key modules H-CAG
and FID, to ensure high-fidelity modality completion.
Specifically, H-CAG leverages self-supervised adversar-
ial learning over multi-granularity temporal segments to
infer missing modality features while preserving causal
continuity across time. FID promotes structural integrity
by disentangling shared and unique emotional cues via
mutual information optimization.

• Extensive experiments on benchmark datasets show that

RECAP achieves state-of-the-art performance and main-
tains relatively stable accuracy across various missing
rates. Our method also demonstrates superior capabil-
ity in fine-grained sentiment classification by capturing
subtle emotional cues and modeling a coherent affec-
tive space, even under partial observations. Visualization
results further confirm that the reconstructed modalities
closely align with the real distribution.

Methodology
Overview
Figure 2 illustrates the overall architecture of RECAP de-
signed to handle partial modality incompleteness in MSA. It
begins by extracting raw features and simulating real-world
missing modality scenarios. The specific embedding mod-
ules first transform heterogeneous inputs into a more con-
sistent representation, standardizing the dimensionality. The
framework then proceeds in two stages: (a) modality com-
pletion, and (b) fusion and prediction. In the first stage, miss-
ing modality features are reconstructed by capturing both
temporal dependencies and structural semantics. This pro-
cess is driven by H-CAG and FID. H-CAG learns tempo-
ral and intra-modal patterns for generative recovery, while
FID serves as an auxiliary constraint on H-CAG, refining
its generative process by promoting inter-modal representa-
tional disentanglement. Moreover, a reconstructor maps the
latent outputs to complete modality representations, bridg-
ing the gap between generation and prediction. In the sec-
ond stage, the MIR module adaptively fuses the generator’s
outputs into a unified representation, which is then fed into
a classifier to predict the final sentiment label.

Multimodal Missing Input
We focus on the multimodal video dataset comprising three
modalities: language (l), audio (a) and visual (v), each repre-
sented as a time-series. Following the previous work (Zhang
et al. 2023), each raw modality input is processed using stan-
dard toolkits to obtain sequential features Xm ∈ RTm×dm ,
m ∈ {l, a, v}, where Tm is the sequence length, and dm
is the feature dimension. We then simulate corrupted mul-
timodal inputs X̃m ∈ RTm×dm by randomly omitting por-
tions of the data Xm, aligned with Zhang, Wang, and Yu
(2024) to ensure fair and consistent evaluation. In particular,
the corrupted visual and acoustic modalities are obtained by
replacing missing values with zeros, whereas the language
modality is corrupted by substituting erased tokens with the
[UNK] token as used in BERT (Devlin et al. 2019). Given
the corrupted multimodal input X̃m, the objective is to re-
construct and integrate the missing modality information to
accurately predict the target sentiment label y.

Modality Completion Stage
In modality completion stage, we recover missing features
by exploiting both temporal causality and structural patterns.
Specifically, we introduce two complementary modules:
Hierarchical Causality-aware Generation (H-CAG), which
captures temporal dynamics across local and global granu-
larities, and Factorized Information Decomposition (FID),
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Figure 2: The overall architecture of the proposed framework RECAP.

which learns to separate shared and unique signals through
mutual information factorization. Together, H-CAG and FID
enhance the temporal continuity and semantic integrity of
corrupted inputs. Additionally, a reconstruction loss is ap-
plied to reinforce the recovery process.

Hierarchical Causality-aware Adversarial Generation
(H-CAG). We introduce multi-granularity approach to hi-
erarchically learn dependencies at both local (short-term)
and global (long-term) temporal scales. Given the corrupted
input sequence X̃m, we first divide it into non-overlapping
temporal segments at multiple granularities, denoted as
S
(k)
m = {s(k)m,1, s

(k)
m,2, . . . , s

(k)
m,Nk

}, where Nk is the number
of segments at the k-th granularity. Here, granularity de-
notes the scale of temporal segmentation. Lower (coarse)
granularity captures global affective trends via longer seg-
ments, whereas higher (fine) granularity retains subtle emo-
tional shifts through shorter segments. For each segment pair
(s

(k)
m,t, s

(k)
m,t+1), the generator Gm then takes the earlier seg-

ment as input and generates the next:

ŝ
(k)
m,t+1 = Gm(s

(k)
m,t). (1)

To encourage semantic plausibility and temporal causality,
the generator is trained in an adversarial manner against the
discriminators Dm, which aim to distinguish real future seg-
ments s

(k)
m,t+1 from generated ones ŝ

(k)
m,t+1. The generators

Gm, in turn, seek to fool discriminators into classifying the
generated outputs as real sequences.

To further emphasize high-correlation segment pairs, we
introduce a cosine similarity weight ω(k)

t ∈ [0, 1], computed
between s

(k)
m,t and s

(k)
m,t+1:

ω
(k)
t =

(
1 + cos(s

(k)
m,t, s

(k)
m,t+1)

)
/2. (2)

The weights encourage precise reconstruction of highly cor-
related transitions and are used to modulate the generator’s

loss, which is defined as follows:

L(k)
gen = ω

(k)
t · LBCE(Dm(ŝ

(k)
m,t+1), 1), (3)

where the binary cross-entropy (BCE) loss is given by:

LBCE(p, z) = − [z · log(p) + (1− z) · log(1− p)] , (4)

with prediction value p ∈ [0, 1] and target label z ∈ {0, 1}.
We further employ the following loss function to optimize

the discriminator for accurate prediction:

L(k)
disc =

1

2

[
LBCE(Dm(s

(k)
m,t+1), 1)+LBCE(Dm(ŝ

(k)
m,t+1), 0)

]
(5)

comprising real-vs-fake classification for both authentic and
generated samples.

We compute the adversarial loss over a set of temporal
granularities G, and the final loss for modality m is:

Lm
adv =

∑
k∈G

(
L(k)

gen + L(k)
disc

)
. (6)

The total loss of H-CAG module across all modalities is a
weighted combination:

LH-CAG = wl · Ll
adv + wa · La

adv + wv · Lv
adv, (7)

where wl, wa, wv are modality-specific weights.
The trained generators Gm yield the enhanced modality

representations X ′
m, which serve as inputs to both the FID

module and the subsequent fusion and prediction stage.

Factorized Information Decomposition (FID). We pro-
pose the Factorized Information Decomposition (FID) mod-
ule, inspired by FactorCL (Liang et al. 2023), which utilizes
external annotations to extract task-relevant signals for clas-
sification and retrieval. In contrast to this method, FID op-
erates in a fully self-supervised manner and leverages the
inherent structure of multimodal data as implicit supervi-
sion to enable the extraction of complete-relevant features,
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making it more generalizable and better suited for modality
recovery under incomplete MSA conditions. More specif-
ically, FID structurally disentangles shared and modality-
specific representations by minimizing upper bounds of mu-
tual information to suppress redundancy, while maximizing
lower bounds to preserve informative content.

We present the process of decomposing modality repre-
sentations into complete-relevant information in Figure 3.
Each enhanced feature X ′

m obtained from the H-CAG mod-
ule, is considered to preserve the core semantics of its com-
plete counterpart Xm, satisfying X ′

m ∼ p(X ′
m|Xm). We

further treat the complete features Xm as a surrogate task
signal Y , guiding the extraction of modality-invariant sig-
nals and complementary modality-specific cues. Formally,
the learning objective involves mutual information calcu-
lation. For two arbitrary modalities m1 and m2, S =
I(X ′

m1
;X ′

m2
;Y ) captures the shared semantics aligned

with complete signal Y = (Xm1
, Xm2

), while Um1
=

I(X ′
m1

;Y |X ′
m2

) and Um2
= I(X ′

m2
;Y |X ′

m1
) quantifying

residual information unique to each modality.
We adopt a dual-bound strategy to estimate the MI terms

in a tractable and scalable fashion, leveraging scalable lower
and upper bounds. Specifically, the shared component loss
of modality m1 and m2 is defined as:

L(m1,m2)
shared = −INCE(X

′
m1

;X ′
m2

)

+ INCE−CLUB(X
′
m1

;X ′
m2

|Xm1 , Xm2). (8)

Here, the first term applies the InfoNCE lower bound (Oord,
Li, and Vinyals 2018) to preserve inter-modal commonality
by encouraging semantic similarity between positive pairs
(x, x+) and contrasting them against negative samples x−.
The second term adopts a CLUB-based (Cheng et al. 2020)
conditional upper bound to penalize redundant information
retained from the original inputs and guide the learning of
cleaner, modality-specific features, which is defined as:

INCE−CLUB

(
X ′

m1
;X ′

m2
|Xm1

, Xm2

)
=

E
[
E
[
f∗ (x′

m1
, x′+

m2
, xm1 , xm2

)]
− E

[
f∗ (x′

m1
, x′−

m2
, xm1 , xm2

)] ]
,

(9)

where f∗ is a learnable critic distinguishing positive and
negative modality pairs.

In parallel, the unique loss for modality m1 conditioned
on its paired modality m2, is formulated as:

Lm1

unique = −INCE(Xm1
;X ′

m1
) + INCE−CLUB(X

′
m1

;X ′
m2

)

− INCE(X
′
m1

;X ′
m2

|Xm1
, Xm2

). (10)

Finally, FID applies the shared and unique objectives over
all modality pairs (l, a), (l, v), and (a, v). The overall factor-
ization loss is defined as:

LFID =
∑

(m1,m2)∈
{(l,a),(l,v),(a,v)}

(
L(m1,m2)

shared + Lm1

unique + Lm2

unique

)
. (11)

The above objective empowers FID module to explicitly
regulate the flow of information between complete and en-
hanced modalities, ensuring that reconstructions reflect both
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! = #(%&'

( ; %&*
( ; +)

Complete Unique Information
-&* = #(%&*

( ; +|%&'
( )

Complete Unique Information
-&' = #(%&'

( ; +|%&*
( )

%&'
( %&*

(

Enhanced 
/0 Modality

Enhanced
/1 Modality

+ = (%&', %&*)
Complete Modality

Figure 3: Illustration of the FID module. Enhanced modal-
ities (e.g., X ′

m1
, X ′

m2
) are guided by their corresponding

complete versions (Xm1 , Xm2 ) to recover both shared and
unique information through mutual information estimation.

shared semantics and modality-specific signals. As a result,
the proposed method preserves the inherent consistency and
complementarity across modalities, thereby maintaining the
structural integrity of affective representations.

Reconstructor. To ensure that the generated representa-
tions preserve the essential information of the original in-
put, we introduce an auxiliary reconstructor Erec, composed
of two Transformer layers, which explicitly encourages the
generated inputs X ′

m to approximate Xm by reconstructing
the original modality features. The reconstructor takes X ′

m
as input and outputs:

Xrec
m = Erec(X

′
m). (12)

We apply a mean squared error loss across all modalities:

Lrec =
∑

m∈{l,a,v}

∥Xrec
m −Xm∥22. (13)

The above objective explicitly constrains the reconstructed
features to align closely with the original inputs, thereby en-
hancing semantic fidelity.

Completion Training Objective. In the completion stage,
we jointly optimize three objectives:

Lstage1 = λadvLH-CAG + λfidLFID + λrecLrec, (14)
where coefficients λadv, λfid, λrec balance temporal consis-
tency, structural disentanglement, and feature-level recon-
struction. As the training relies only on uncorrupted inputs
and requires no task-specific labels, the learned generators
generalize well across downstream tasks (Li, Savarese, and
Hoi 2022; Grau et al. 2023).

Fusion and Prediction Stage
The fusion and prediction stage aims to adaptively integrate
multimodal information and accurately predict sentiment.
By leveraging the resulting modality-complete representa-
tions in previous stage, we obtain enhanced features for each
modality, which are then integrated through a novel Mutual
Information-guided Ranking mechanism (MIR) that assigns
importance scores regarding informativeness to each modal-
ity. The fused and unified representation is passed to a task-
specific prediction head to generate the final output.
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Mutual Information-guided Ranking Fusion (MIR). To
explicitly align the learned attention weights with modality-
specific informativeness contribution, we introduce a rank-
ing loss supervised by the mutual information scores.

Given the reconstructed features from the generator X ′
m,

each modality stream produces a prediction Ŷm using a
modality-specific predictor gm, and its corresponding MI
score is approximated using negative mean squared error
with respect to the ground-truth label Y , which serves as
a widely adopted and empirically stable proxy for mutual
information in prior work (Achille and Soatto 2018; Amjad
and Geiger 2019). These MI scores indicate the predictive
reliability of each modality.

Let Lm
MI denote the MI-based auxiliary loss for modality.

The MI-guided attention ranking loss is then formulated as:

Lrank =
1

2

∑
i̸=j

I
[
Li

MI < Lj
MI

]
·max (0, αj − αi + ϵ) , (15)

where αm is the attention weight assigned to modality m,
ϵ is a margin hyperparameter, and I[·] is the indicator func-
tion. Equation 15 penalizes situations where a modality with
stronger predictive performance (i.e., lower MI loss) is as-
signed a lower attention weight, thereby enforcing consis-
tency between informativeness and attention importance.

In parallel, we project modality-specific features into key-
query-value (KQV) triplets and compute attention logits via:

logitm =
1√
d
⟨µ(m)

q , µ
(m)
k ⟩, (16)

where µ
(m)
q and µ

(m)
k are temporal means of the query and

key vectors of modality m, with scaling dimension d. The
final fused feature is a weighted aggregation over values:

ffused =
∑

m∈{l,a,v}

αm · µ(m)
v ∈ Rd, (17)

Task Prediction. The fused representation ffused is passed
through a final prediction head consisting of a linear projec-
tion layer. The task loss Ltask is defined as:

Ltask =

{
∥y − ŷ∥22, for regression
−
∑C

c=1 yc log ŷc, for classification
(18)

where y is the ground-truth label and ŷ is the model pre-
diction. For classification, yc and ŷc denote the true label
and predicted probability of class c, respectively. The over-
all training objective of the fusion and prediction stage is:

Lstage2 = λtaskLtask + λrankLrank, (19)

which combines the task objective with a ranking alignment
loss, encouraging both performance consistency and inter-
pretability in the fusion process.

Experiments
Experimental Settings
Datasets. We assess the performance of our method
on popular multimodal sentiment analysis benchmark

datasets, including CMU-MOSI (Zadeh et al. 2016), CMU-
MOSEI (Zadeh et al. 2018) and CH-SIMS (Yu et al. 2020)
datasets. Serving as standard benchmarks, these datasets
provide a diverse testbed for assessing generalization. CMU-
MOSI and CMU-MOSEI include spontaneous English con-
tent, while CH-SIMS introduces Chinese data for cross-
lingual evaluation. All three are multimodal video datasets
containing textual, visual, and acoustic modalities.
Evaluation Settings. To evaluate robustness under modal-
ity degradation, we conduct experiments with missing rates
r ∈ {0.0, 0.1, . . . , 0.9}, randomly masking a proportion r of
features in each modality at test time. For example, r = 0.5
implies 50% of each modality is omitted. Unlike (Yuan et al.
2021), we exclude r = 1.0, as complete erasure across all
modalities provides no informative signal. Final results in
Table 1 and 2 are averaged over all rates to reflect overall
performance under varying levels of input sparsity.
Evaluation Metrics. Following prior work (Yu et al. 2021;
Zhang et al. 2023), we evaluate our model under both classi-
fication and regression settings. For classification, we report
weighted F1 and binary accuracy (Acc-2). On MOSI and
MOSEI, Acc-2 and F1 are evaluated under two protocols:
negative vs. positive (left-side value of ”/”), and negative
vs. non-negative (including label 0, right-side value of ”/”).
We also report 5-class (Acc-5), 7-class (Acc-7) accuracy for
MOSI and MOSEI, and Acc-2, F1, 3-class (Acc-3), Acc-
5 for CH-SIMS. For regression, we report Mean Absolute
Error (MAE) and Pearson correlation (Corr). In all metrics
except MAE, higher values indicate better performance.
Implementation Details. We train all models for 200
epochs using Python 3.9.18, PyTorch 2.2.2, and CUDA 12.2
on NVIDIA RTX 4090 GPUs with 24GB memory. The op-
erating system is Ubuntu 24.04. The AdamW optimizer is
adopted with a learning rate of 1e-4 and weight decay of 1e-
4. The batch size is set to 64 for all datasets. For MOSI and
SIMS, the generators, discriminators, reconstructors, and fu-
sion modules are implemented as Transformer architectures
with 2 layers, 8 attention heads, and a hidden size of 128. For
MOSEI, the generator adopts a deeper architecture initial-
ized from the pre-trained ImageBind (Girdhar et al. 2023)
model to better accommodate the dataset’s greater volume
and complexity, while the other modules follow the same
Transformer configuration as in MOSI and SIMS.

Baseline Models
We benchmark RECAP against eleven state-of-the-art MSA
approaches across all datasets, including MISA (Hazarika,
Zimmermann, and Poria 2020), Self-MM (Yu et al. 2021),
MMIM (Han, Chen, and Poria 2021), TFR-Net (Yuan et al.
2021), CENET (Wang et al. 2022), TETFN (Wang et al.
2023a), ALMT (Zhang et al. 2023), BI-Mamba (Yang et al.
2024), LNLN (Zhang, Wang, and Yu 2024), MASCF (Chen,
Tang, and Liu 2025), TF-Mamba (Li et al. 2025).

Results and Analysis
Comparison to State-of-the-art Methods
Table 1 and Table 2 summarize the average performance of
RECAP and eleven strong baselines across three datasets un-
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Method MOSI MOSEI
Acc-7 Acc-5 Acc-2 F1 MAE Corr Acc-7 Acc-5 Acc-2 F1 MAE Corr

MISA 2020 29.85 33.08 71.49 / 70.33 71.28 / 70.00 1.085 0.524 40.84 39.39 71.27 / 75.82 63.85 / 68.73 0.780 0.503
Self-MM 2021 29.55 34.67 70.51 / 69.26 66.60 / 67.54 1.070 0.512 44.70 45.38 73.89 / 77.42 68.92 / 72.31 0.695 0.498
MMIM 2021 31.30 33.77 69.14 / 67.06 66.65 / 64.04 1.077 0.507 40.75 41.74 73.32 / 75.89 68.72 / 70.32 0.739 0.489
TFR-Net 2021 29.54 34.67 68.15 / 66.35 61.73 / 60.06 1.200 0.459 46.83 34.67 73.62 / 77.23 68.80 / 71.99 0.697 0.489
CENET 2022 30.38 37.25 71.46 / 67.73 68.41 / 64.85 1.080 0.504 47.18 47.83 74.67 / 77.34 70.68 / 74.08 0.685 0.535
TETFN 2023 30.30 34.34 69.76 / 67.68 65.69 / 63.29 1.087 0.507 30.30 47.70 69.76 / 67.68 65.69 / 63.29 1.087 0.508
ALMT 2023 30.30 33.42 70.40 / 68.39 72.57 / 71.80 1.083 0.498 40.92 41.64 76.64 / 77.54 77.14 / 78.03 0.674 0.481
BI-Mamba 2024 31.20 34.02 71.74 / 71.12 71.83 / 71.11 1.087 0.498 45.12 45.76 76.82 / 76.72 76.35 / 76.38 0.701 0.545
LNLN† 2024 34.31 38.06 73.34 / 72.05 73.75 / 72.19 1.059 0.525 45.42 46.17 76.30 / 78.19 77.77 / 79.95 0.692 0.530
MASCF† 2025 29.80 32.19 70.52 / 68.55 67.99 / 65.77 1.078 0.510 44.69 45.26 72.24 / 74.46 68.17 / 71.38 0.722 0.490
TF-Mamba† 2025 33.35 36.21 73.94 / 73.06 73.82 / 73.04 1.055 0.541 45.66 46.64 77.34 / 77.61 77.18 / 77.43 0.673 0.578

RECAP (Ours) 36.06 40.23 74.60 / 73.28 75.15 / 73.41 1.030 0.544 47.23 48.25 78.35 / 78.28 79.06 / 79.30 0.659 0.599

Table 1: Comparison of the average performance on the MOSI and MOSEI benchmarks under different missing rates (0.0-0.9).
Models with † are reproduced under the same conditions. The best results are in bold, while the second-best are underlined.

Method Acc-5 Acc-3 Acc-2 F1 MAE Corr
MISA 2020 31.53 56.87 72.71 66.30 0.539 0.348
Self-MM 2021 32.28 56.75 72.81 68.43 0.508 0.376
MMIM 2021 31.81 52.76 69.86 66.21 0.544 0.339
TFR-Net 2021 26.52 52.89 68.13 58.70 0.661 0.169
CENET 2022 22.29 53.17 68.13 57.90 0.589 0.107
TETFN 2023 33.42 56.91 73.58 68.67 0.505 0.387
ALMT 2023 20.00 45.36 69.66 72.76 0.561 0.364
BI-Mamba 2024 31.90 54.95 70.79 69.26 0.529 0.345
LNLN 2024 34.64 57.14 72.73 79.43 0.514 0.397
MASCF 2025 29.33 53.36 70.67 69.96 0.507 0.402
TF-Mamba 2025 34.46 55.51 74.68 72.20 0.512 0.386

RECAP (Ours) 37.02 59.56 74.37 78.58 0.499 0.417

Table 2: Average performance comparison on CH-SIMS
benchmark under various missing rates (0.0-0.9).

der varying degrees of modality incompleteness. Our exper-
imental results are averages across five random seeds. RE-
CAP consistently outperforms all competitors across nearly
all metrics and datasets, demonstrating superior robustness
and precision in modeling incomplete affective signals. On
MOSI, RECAP achieves Acc-7 of 36.06% and Acc-5 of
40.23%, surpassing TF-Mamba by 2.71% and 4.02%, re-
spectively. It also delivers the highest F1 score of 75.15%
and the lowest MAE of 1.030, confirming its effectiveness
in both categorical and regression settings. On MOSEI, RE-
CAP attains the top performance with Acc-7 of 47.23%,
F1 of 79.06%, and Corr of 0.599, improving over LNLN
by 1.81%, 1.29%, and 0.069, respectively. On CH-SIMS, a
dataset with fine-grained multilingual annotations, RECAP
delivers a remarkably strong performance, reaching Acc-3
of 59.56% and F1 of 78.58%, outperforming TF-Mamba by
4.05% and 6.38%, respectively. Importantly, the consistent
gains on high-resolution classification metrics indicate RE-
CAP’s ability to retain nuanced affective signals.

Ablation Study
We conduct ablation studies to assess the impact of each key
component in RECAP. As shown in Table 3, removing any
of these components leads to performance drops across both

datasets, confirming their necessity. The absence of H-CAG
results in the most pronounced degradation, with a point of
4.54 decline in F1 on SIMS and significantly reduced met-
rics on MOSI, indicating its crucial role in modeling tempo-
ral dependencies. FID also proves essential, as removing ei-
ther shared or unique branches leads to noticeable declines.
For instance, removing the unique branch causes a point of
1.4 drop in Acc-7 on MOSI and a point of 4.27 decline in
F1 on SIMS, indicating the importance of modality-specific
cues. MIR also plays a stabilizing role, as its removal results
in a point of 1.25 drop in Acc-7 on MOSI and a point of 1.7
decline in F1 on SIMS, showing its value in adaptive fusion.
Overall, these results demonstrate the effectiveness of our
design in enhancing multimodal understanding.

Model MOSI SIMS
Acc-7 Acc-2 Corr F1 MAE Corr

RECAP (Ours) 35.07 73.88 0.553 76.06 0.513 0.413
w/o H-CAG 34.11 72.52 0.519 71.52 0.526 0.388
w/o FID 33.67 71.85 0.540 74.33 0.524 0.400
- w/o Shared 34.30 72.59 0.544 72.37 0.533 0.389
- w/o Unique 33.67 72.37 0.524 71.79 0.521 0.391
- w/o LV 34.11 72.18 0.534 72.14 0.515 0.392
- w/o LA 34.26 72.74 0.507 71.64 0.518 0.388
- w/o AV 35.13 71.47 0.517 74.62 0.513 0.400

w/o Reconstructor 34.40 71.40 0.518 74.13 0.514 0.398
w/o MIR 33.82 72.14 0.538 74.36 0.518 0.403

Table 3: Ablation study of different modules and strategies
on MOSI and SIMS datasets. “L”, “A”, and “V” denote the
language, acoustic, and visual modalities, respectively.

Results Analysis
Effect of Various Missing Rates. Figure 4 compares RE-
CAP and LNLN under increasing levels of modality incom-
pleteness (r = 0, 0.2, 0.4, 0.6, 0.8). As the missing rate
increases, overall performance declines, with reductions in
Acc-2, Acc-5, and Corr, alongside rising MAE. Subfigure
(a) shows that RECAP consistently achieves higher Acc-2
and Corr, reflecting stronger robustness. Similarly, subfig-
ure (b) further demonstrates RECAP’s advantage in Acc-
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5 and MAE across all missing rates, indicating more sta-
ble fine-grained prediction. These results confirm RECAP’s
resilience to missing data and its capacity to preserve fine-
grained affective information even under severe degradation.
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Figure 4: Model performance between LNLN (blue bars,
pink lines) and our model (orange bars, green lines) with
varying rates of missing modality data on MOSEI dataset.

Fine-Grained Analysis. We explore the discriminative
capability of our model by visualizing the seven-class confu-
sion matrices on the MOSI dataset with a 50% missing rate.
As shown in Figure 5, RECAP (subfigure (b)) yields a more
sharply diagonal and reduced off-diagonal dispersion ma-
trix compared to MASCF (subfigure (a)), indicating stronger
correspondence between predictions and ground truth. No-
tably, misclassifications of RECAP are primarily concen-
trated around adjacent sentiment levels, particularly at the
extremes, suggesting that RECAP learns a more structured
and continuous affective space that supports coherent and
fine-grained prediction under multimodal input degradation.
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Figure 5: Seven-class confusion matrices of MASCF (left)
and RECAP (right) on the MOSI dataset under a missing
rate of 0.5. Labels -3 to 3 represent sentiment levels from
strongly negative to strongly positive.

Visualization
Figure 6 provides a comprehensive visualization of the latent
structure and generative behavior of RECAP under incom-
plete modality conditions on MOSI dataset. Subfigures (a)
and (b) display the latent space learned by the FID module at
a missing rate of 0.5. In subfigure (a), the similarity (shared)
subspace shows tightly clustered language (orange) and vi-
sual (blue) features, reflecting consistent inter-modal seman-
tics. In contrast, subfigure (b) reveals that the characteris-
tic (modality-specific) subspace maintains clear separation,

indicating successful disentanglement. These patterns con-
firm that FID could extract both commonality and specificity
in a self-supervised manner even under incomplete condi-
tions, facilitating more robust and structurally informed re-
construction. Subfigures (c) and (d) visualizes the distribu-
tions of generated (pink) and real (blue) modality features
at missing rates of 0.5 and 0.9, respectively. At r = 0.5,
we observe that the model tends to generate distributions
that align closely with the ground-truth, exhibiting signif-
icant structural similarity and overlapping density regions.
Even under extreme degradation r = 0.9, the generator still
captures meaningful cues. The observed similarity suggests
that the generator retains essential patterns, supporting plau-
sible modality recovery under sparse conditions.
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Figure 6: t-SNE visualization of learned latent spaces and
generation quality. Subfigures (a) and (b) show similarity
and characteristic subspaces learned by FID at a missing rate
of 0.5. Orange and blue points represent language and visual
modalities, respectively. Subfigures (c) and (d) illustrate the
alignment between generated (pink) and real (blue) features
under missing rates of 0.5 and 0.9, respectively.

Conclusion

This paper presents RECAP, a new framework tailored to
MSA under real-world conditions where modalities are of-
ten incomplete or unreliable. By jointly modeling tempo-
ral causality and structural integrity, RECAP effectively re-
constructs missing signals while preserving affective coher-
ence. Our method also facilitates selective fusion through
task-informed attention over modality cues. Both quantita-
tive and qualitative results on multiple benchmark datasets
demonstrate the effectiveness of RECAP in improving pre-
diction accuracy and resilience to missing data, underscor-
ing the importance of coherence-aware modeling in advanc-
ing MSA toward more practical and scalable applications.
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