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Abstract

Most existing Multimodal Sentiment Analysis
(MSA) methods rely on holistic fusion, treating
all modalities and temporal segments equally.
Such strategies often introduce redundant in-
formation and obscure the decision process,
limiting both robustness and interpretability.
Inspired by dual-process theory, we propose
FRSR (Fast Retrieval and Slow Reasoning),
an interpretable framework that decomposes
multimodal sentiment modeling into two co-
operative pathways. The Fast Pathway acts as
a lightweight evidence selector, using context-
aware convolution and auxiliary supervision
to retrieve a sparse set of Top-K sentiment-
relevant cues from noisy multimodal inputs.
Based on these cues, the Slow Pathway per-
forms deeper cross-modal reasoning through
learnable reasoning tokens, enabling hierarchi-
cal sentiment inference. By separating salient
evidence retrieval from multimodal reasoning,
FRSR improves interpretability while reduc-
ing computational cost. Experiments on three
benchmark datasets show that FRSR achieves
competitive performance, higher efficiency,
stronger robustness to noise, and clearer deci-
sion transparency than existing holistic fusion
methods.

1 Introduction

Multimodal Sentiment Analysis (MSA) is an im-
portant research topic in affective computing and
human-centered Al (Singh et al., 2024). By jointly
modeling language, visual, and acoustic informa-
tion, MSA has been widely applied to conversa-
tional agents (Li et al., 2025), social media ana-
Iytics (Zeng et al., 2023), and intelligent interac-
tion systems (Dzedzickis et al., 2025). With the
development of Transformer-based architectures,
recent multimodal models have achieved remark-
able progress on a variety of sentiment benchmarks,
benefiting from stronger representation capacity
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and more flexible cross-modal interaction mecha-
nisms (Zhang et al., 2022; Zhu et al., 2024; Shi and
Huang, 2023; Yang et al., 2023). Nevertheless, de-
spite these advances, most existing MSA methods
still share a common limitation: they rely on uni-
fied fusion strategies that process all multimodal
observations in an undifferentiated manner.

In most existing frameworks, informative emo-
tional signals, such as facial expressions or vocal in-
tonation, are fused together with irrelevant contex-
tual content inside the same modeling pipeline (Zhu
et al., 2025b; Tsai et al., 2019; Huang et al., 2023;
Zhang et al., 2023a; Wu et al., 2025; Qian et al.,
2023). As a result, the model must implicitly de-
termine which information is useful while simul-
taneously learning sentiment representations from
highly redundant inputs. This design leads to two
major issues. (1) Sensitivity to Redundant Infor-
mation: Models can easily become biased toward
irrelevant modality-specific patterns or environmen-
tal artifacts. For example, repeated backgrounds,
speaker-specific habits, or stable acoustic rhythms
may be incorrectly treated as meaningful sentiment
evidence, weakening robustness under diverse real-
world conditions. (2) Limited Interpretability:
Since all information is entangled during fusion, it
is difficult to explicitly identify which multimodal
cues contribute to the final prediction. Even when
the output is correct, the reasoning basis behind the
decision often remains unclear. These challenges
indicate that simply building larger or more compli-
cated fusion modules does not fundamentally solve
the problems of robustness and interpretability in
MSA.

Unlike existing computational models, human
affective understanding typically follows a staged
cognitive process. According to Dual-Process The-
ory (Kahneman, 2011, 2003; Stanovich and West,
2000), people often make judgments through the
cooperation of two complementary systems. Sys-
tem 1 rapidly focuses on prominent perceptual pat-
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terns, such as sudden changes in tone or short-lived
facial movements, while System 2 further inter-
prets these observations through deeper semantic
analysis and contextual reasoning (Stanovich and
West, 2000). This cognitive mechanism suggests
that an effective MSA model should avoid treating
all multimodal content equally. Instead, it should
first locate potentially useful affective evidence and
then conduct more deliberate reasoning on the se-
lected information.

Motivated by this idea, we introduce FRSR (Fast
Retrieval and Slow Reasoning), an interpretable
framework that decomposes multimodal sentiment
modeling into evidence selection and structured rea-
soning. Fast Pathway (System 1). As a lightweight
perception module, it employs a Conv1D-based
local modeling network to estimate token-level im-
portance and preserve only Top- K informative cues
from redundant multimodal sequences. In addition,
auxiliary unimodal supervision is adopted to im-
prove preliminary sentiment awareness and stabi-
lize the salience estimation process. Slow Pathway
(System 2). Rather than processing the entire mul-
timodal sequence, the Slow Pathway operates only
on the retained evidence. By introducing learnable
reasoning tokens, it progressively captures cross-
modal dependencies and performs hierarchical sen-
timent inference over the selected cues. Since inten-
sive multimodal interaction is restricted to a com-
pact subset of salient information, the proposed
framework can substantially reduce unnecessary
computation while maintaining strong predictive
ability.

Our main contributions are as follows:

* We propose FRSR, an interpretable frame-
work for MSA that decouples multimodal
learning into salient evidence retrieval and
sentiment reasoning, thereby alleviating the
redundancy and opacity issues of conventional
holistic fusion methods.

* We develop a dual-path architecture consist-
ing of a Fast Pathway and a Slow Pathway.
The former quickly identifies sparse Top-K
sentiment-related cues through context-aware
convolution, while the latter conducts cross-
modal interaction and hierarchical reasoning
on the retrieved evidence.

» Extensive experiments on three public bench-
marks demonstrate that FRSR achieves highly

competitive predictive performance. Further-
more, compared to state-of-the-art methods,
FRSR provides intuitive, transparent evidence
for its predictions while significantly improv-
ing computational efficiency and robustness
to noise.

2 Related Work
2.1 Multimodal Sentiment Analysis

Research on Multimodal Sentiment Analysis has
long focused on how to effectively combine
heterogeneous information from language, vi-
sual, and acoustic modalities. Earlier studies
mainly explored dedicated fusion schemes, in-
cluding tensor-based interaction modeling (Zadeh
et al., 2017; Liu et al., 2018), quantum-inspired
fusion strategies (Zhang et al., 2020; Phukan
et al., 2024), and contrastive representation align-
ment (Yu et al., 2023; Mai et al., 2022). In re-
cent years, Transformer-driven frameworks have
become the dominant paradigm due to their abil-
ity to capture long-range dependencies and flex-
ible cross-modal relationships through attention
mechanisms (Hazarika et al., 2020; Yang et al.,
2022; Zhu et al., 2026; Tao et al., 2025; Wen et al.,
2025; Wang et al., 2025; Zhang et al., 2024; Zhu
et al., 2025a). Typical examples include DashFu-
sion (Wen et al., 2025), which combines temporal-
semantic alignment with hierarchical bottleneck fu-
sion, and DEVA (Wu et al., 2025), which improves
multimodal representations by incorporating text-
derived sentiment priors into visual and acoustic
features.

Although these methods have achieved encour-
aging results, most of them still depend on end-to-
end fusion pipelines that mix multimodal features
across different sources and temporal positions
without distinction. As a consequence, irrelevant
contextual patterns are often retained together with
sentiment-bearing information. Since the fusion
process itself does not explicitly separate useful
evidence from noisy content, model decisions are
easily influenced by redundant cues and remain
difficult to interpret.

2.2 Dual-Process Cognition

Dual-Process Theory characterizes human cog-
nition as the interaction between a fast, intu-
itive mechanism (System 1) and a slower, ana-
lytical mechanism (System 2) (Kahneman, 2003;
Stanovich and West, 2000). In Thinking, Fast and
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Figure 1: Overview of the proposed FRSR framework. Inspired by dual-process theory, FRSR consists of three
main components: @ Multimodal Encoding for initial feature extraction and alignment; @ Fast Salience Retrieval
for extracting sparse top-K critical cues; and @ Slow Reasoning Fusion, which employs learnable reasoning tokens
to facilitate hierarchical cross-modal interaction and sentiment reasoning.

Slow (Kahneman, 2011), Kahneman describes Sys-
tem 1 as rapidly identifying salient perceptual cues,
while System 2 performs more deliberate reason-
ing and contextual analysis. Inspired by this per-
spective, several MSA methods introduce selective
attention or salience estimation into multimodal
modeling (Zhang et al., 2023b; Tellamekala et al.,
2023). However, most remain limited to attention
reweighting or shallow feature filtering (Yang et al.,
2023; Yuan et al., 2021), where attention scores are
often treated as explanations despite not necessar-
ily reflecting the evidence that truly supports the
final prediction.

Different from these approaches, FRSR explic-
itly builds a Fast-Slow reasoning structure for
interpretable sentiment analysis. Instead of per-
forming direct holistic fusion over the entire mul-
timodal sequence, the framework first retrieves
sparse sentiment-related evidence and then carries
out deeper reasoning only on the retained cues.
This design allows the prediction process to be
associated with more transparent multimodal evi-
dence rather than hidden statistical patterns.

3 Methodology

3.1 Overall Framework

Fig. 1 illustrates the overall architecture of FRSR.
Inspired by Dual-Process Theory, FRSR decom-

poses conventional holistic fusion into a two-stage
retrieval-and-reasoning framework for multimodal
sentiment analysis.

Fast Salience Retrieval (Sec. 3.3) corresponds
to System 1 and acts as a lightweight evidence se-
lection module. It uses a Conv1D-based network to
estimate token-level importance and retain only a
sparse set of Top-K sentiment-relevant cues. Slow
Reasoning Fusion (Sec. 3.4) corresponds to Sys-
tem 2 and performs reasoning over the selected
evidence rather than the full sequence. By introduc-
ing learnable Reasoning Tokens, it progressively
models cross-modal dependencies and conducts
hierarchical sentiment inference over the retained
multimodal cues.

3.2 Multimodal Encoding

Experiments are conducted on three widely used
multimodal sentiment benchmarks: MOSI (Zadeh
et al., 2016), MOSEI (Zadeh et al., 2018), and
SIMS (Yu et al., 2020). Following prior work (Wu
et al., 2025; Zhang et al., 2024), textual, acoustic,
and visual features are extracted using BERT (De-
vlin et al., 2019), librosa (Baltrusaitis et al., 2018),
and OpenFace (McFee et al., 2015), respectively.
To align feature dimensions across modalities,
each modality is projected into a shared hidden
space through a linear embedding layer followed

30383



by two Transformer layers. For modality m &
{t, a, v}, the encoded representation is denoted as
Xm ¢ Rbm*dm where L,, and d,, represent the
sequence length and hidden feature dimension.

3.3 Fast Salience Retrieval

The Fast Pathway aims to rapidly identify infor-
mative affective patterns from long and noisy mul-
timodal sequences. Since sentiment-related cues
often appear in short temporal segments, such as
brief facial changes or sudden vocal variations, the
model should emphasize locally important regions
while avoiding unnecessary processing of redun-
dant content. To this end, we design a lightweight
salience estimation module based on temporal con-
volution.

Considering an individual modality stream m &€
{T',V, A}, we denote its initial temporal features
as X,, € RB*XSXD where B, S, and D indicate
the batch size, sequence length, and feature dimen-
sion, respectively. We initially apply a two-layer
Conv1D architecture to evaluate the significance of
each discrete token:

S, = Conv1Dj_, (ReLU(Conlekzg(Xm))). (1)

The first convolution layer uses a kernel size
of 3 to model short-range temporal dependencies
by jointly considering each token together with its
neighboring positions. Following this, the second
convolution layer performs a point-wise projection
that compresses the intermediate hidden features
into a single-channel salience score for each tem-
poral position:

S € REXSX1, 2)

To transform the raw salience scores into nor-
malized importance weights, we apply a Sigmoid
function:

Wy, = Sigmoid(S,,), Wy, € [0,1].  (3)

Based on the derived weights, we extract only
the Top- K instances exhibiting the highest salience

values:
L, = TopK(Wy,, K), (€))]
Xm=Xm,il|iel, e REXKXD  (5)
The resulting subset Xm preserves only the most
informative temporal segments for the correspond-

ing modality and serves as the input to the sub-
sequent Slow Pathway. In addition to selecting

salient tokens, we further introduce an auxiliary
unimodal prediction branch to encourage the Fast
Pathway to learn sentiment-aware representations.
Specifically, we first aggregate the selected Top-K
features through weighted averaging:

it =" i Xm, i, (6)
1€Im
where the normalized weight w; is computed as:

. Wm, 1
wi = )
> jeImWm,j

(7

Although the Top-K operation is discrete, the
re-normalized weights provide a differentiable path
through which the auxiliary loss can partially prop-
agate gradient information back to the salience es-
timation module. The aggregated representation
hf,ff 5t is then passed into a lightweight unimodal
classifier:

gm! st = MLPaux(h/®). (8)

By imposing auxiliary supervision on each indi-
vidual modality, the Fast Pathway is encouraged to
capture preliminary sentiment information before
multimodal fusion, which improves the stability
and reliability of token selection.

3.4 Slow Reasoning Fusion

After salient multimodal cues have been retrieved,
the Slow Pathway performs deeper reasoning on
the selected evidence. Unlike conventional fusion
models that process the entire sequence at once, our
framework restricts reasoning to a much smaller
set of informative tokens, making the interaction
process both more efficient and more interpretable.
To construct a joint representation, the extracted
Top-K segments from all modalities are grouped
together along the temporal dimension, yielding:

Xau = [X7; Xv; X4l )

The composite sequence is then processed by
a Transformer encoder spanning L layers. Rather
than exclusively utilizing the computations from
the terminal layer, our approach extracts the mul-
tiscale representations generated across all trans-

former blocks, H = H (l)lL:O, where

HO = TransformerLayer; (H (l_l)). (10)

Here, H(®) corresponds to the initial multimodal
embedding, while deeper layers contain progres-
sively richer contextual and semantic information.
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To explicitly model hierarchical reasoning, we in-
troduce a set of learnable reasoning tokens:
RO ¢ REXD, an
These learnable tokens serve as latent queries
that repeatedly attend to hierarchical multimodal
features extracted from different Transformer lay-
ers. At each layer [, the reasoning tokens attend
to the corresponding multimodal representation
through cross-attention:

RY = CrossAttn (LN(RU=D) LN(H®),

LN(HD)) + RO, (12

Here, LN(-) denotes Layer Normalization. In
the cross-attention operation, the reasoning tokens
are used as queries, while the hidden multimodal
representations serve as keys and values. Through
repeated interactions across layers, the reasoning
tokens gradually accumulate information from dif-
ferent modalities and temporal levels. Represen-
tations in lower layers mainly encode local con-
textual relationships, while deeper layers gradually
capture more abstract cross-modal semantics and
global sentiment structures.

Finally, the refined reasoning tokens from the
last layer are aggregated through mean pooling and
fed into a two-layer prediction head:

§ = MLP(MeanPool(R"))). (13)
The final output g corresponds to the predicted
sentiment score or category for the input sample.

3.5 Opverall Learning Objectives

The optimization objective of FRSR consists of
the primary sentiment prediction loss together with
auxiliary supervision from the Fast Pathway:
Liotal = Liask (y7 ?3) + Aaux (t)[:aux- (14)
Here, L, denotes the loss for the final senti-
ment prediction. For regression settings, we adopt
Mean Squared Error (MSE) between the ground-
truth label y and the prediction ¢ generated by the
Slow Pathway:

1 N
— E 52
Liask = N o (yl - yz) . (15)

To encourage the Fast Pathway to identify
sentiment-related cues at the unimodal level, we

Datasets Train Valid Test
MOSI 1284 229 686
MOSEI 16326 1871 4659
SIMS 1368 456 457

Table 1: Dataset statistics.

further introduce an auxiliary loss over the uni-
modal predictions:

ﬁaux = Z Eamux(yy Q%St)a

me{T,V,A}

(16)

where ¢t denotes the prediction obtained from
the Fast Pathway for modality m.

Rather than keeping the auxiliary supervision
strength fixed throughout training, we gradually
reduce its contribution as training proceeds:

t
Aaux (£) = max <0.1, 1- ) , (17)

where ¢ denotes the current training epoch and
Thax is the maximum number of training epochs.

4 Experiments

4.1 Datasets

We evaluate FRSR on three widely used
Multimodal Sentiment Analysis benchmarks:
MOSI (Zadeh et al., 2016), MOSEI (Zadeh et al.,
2018), and SIMS (Yu et al., 2020). These datasets
cover both English and Chinese scenarios, allowing
us to assess the generalization ability of the pro-
posed framework across different languages and
multimodal environments.

Detailed statistics of the training, validation, and
testing splits are reported in Table 1.

4.2 Experimental Setup

Evaluation Metrics. For MOSI and MOSEI, we
report binary accuracy (Acc-2), seven-class accu-
racy (Acc-7), F1 score, mean absolute error (MAE),
and Pearson correlation (Corr). Following common
practice, Acc-2 and F1 are reported under both
the negative/non-negative and negative/positive set-
tings. For SIMS, we report Acc-2, F1, MAE, and
Corr. Except for MAE, higher values indicate bet-
ter performance.

Implementation Details. All experiments are
implemented in PyTorch and conducted on an RTX
A40 GPU with 60GB memory. For each dataset,
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MOSI MOSEI

Model

Acc-27 F17 Acc-7T MAE| Corr? Acc-27 F17 Acc-7T MAE| Corr?
MISA 80.79/82.10  80.77/82.03 - 0.804 0.764 82.59/84.23 82.67/83.97 - 0.548 0.724
Self-MM 82.54/84.77 82.68/84.90 45.79  0.712 0.795 82.68/84.96 82.95/84.93 53.46 0529 0.767
MMIM 84.14/86.06 84.00/85.98 46.65  0.700 0.800 82.24/85.97 82.66/85.94 5424 0526 0.772
HyCon -/85.2 -/85.1 46.60  0.713  0.790 -/85.4 -/85.6 52.80 0.601 0.776
ConKI 84.37/86.13 84.33/86.13 4843  0.681 0.816 82.73/86.25 83.08/86.15 5425 0.529 0.782
EMT 83.30/85.00 83.20/85.00 47.40 0.705 0.798 83.40/86.00 83.70/86.00 54.50  0.527 0.774
GLoMo 84.10/86.70  83.90/86.60 4830  0.718 0.782 83.70/86.50 84.00/86.40 55.00 0.539 0.771
DLF -185.06 -185.04 47.08 0.731 0.781 -185.42 -185.27 5390 0.536 0.764
DashFusion 84.26/85.82 84.17/85.78 45.63  0.709 0.796 82.27/86.30 82.70/86.24 53.12  0.524 0.784
MFMB 82.70/85.70  83.20/86.00 45.80  0.709 0.798 84.70/85.10 85.00/85.10 54.20 0.532 0.758
DEVA 84.40/86.29 84.48/86.30 4632  0.730 0.787 83.26/86.13 82.93/86.21 52.26  0.541 0.769
FRSR 85.07/87.20 85.22/87.15 47.63  0.661 0.819 84.75/86.73 84.35/86.65 54.85 0.510 0.786

Table 2: Results on MOSI and MOSEI. For Acc-2 and F1, results are reported as "negative/non-negative" and
"negative/positive". Bold indicates the best performance.

Model Acc-2t  F1T  MAE|] Corrt 44 Quantitative Results and Analysis

MulT 75.62 7584 0485 0504  We compare FRSR with representative baseline
MISA 7549 7585 0472 0.542 methods on three benchmark datasets for multi-
Self-MM 7737 77.54 0458 0.535 modal sentiment analysis. As shown in Tables 2
ConKI 7794 78.17 0.454 0.542 and 3, FRSR achieves consistently strong perfor-
EMT 80.10 80.10 0.396 0.623 mance across different evaluation settings.

DashFusion ~ 79.21 ~ 79.39  0.416  0.601 Table 2 summarizes the results on MOSI and
DEVA 79.64 8032 0424 0.583 MOSEI. Compared with recent competitive meth-
FRSR 81.71 81.54 0408 0.626 ods, FRSR achieves consistent improvements on

Table 3: Comparison with baselines on SIMS.

we repeat training three times using random seeds
1111, 2222, and 3333, and report the average per-
formance. The Adam optimizer is used for training.
The learning rate is set to 1 x 10~ for the BERT
encoder and 1 x 10~ for the remaining parame-
ters. The batch size is 32 and the total number of
training epochs is 100.

4.3 Baselines

We compare FRSR with representative multi-
modal sentiment analysis methods, including
MulT (Tsai et al., 2019), MISA (Hazarika et al.,
2020), Self-MM (Yu et al., 2021), MMIM (Han
et al., 2021), TFR-Net (Yuan et al., 2021), Hy-
Con (Mai et al., 2022), ConKI (Yu et al., 2023),
CENET (Wang et al.,, 2022), TETFN (Wang
et al., 2023), GLoMo (Zhuang et al., 2024),
EMT (Sun et al., 2023), LNLN (Zhang et al., 2024),
DLF (Wang et al., 2025), DashFusion (Wen et al.,
2025), MFMB (Tao et al., 2025), and DEVA (Wu
et al., 2025).

both datasets. Relative to DEVA (Wu et al., 2025),
FRSR improves the average binary classification
metrics (Acc-2 and F1) by approximately 0.8% on
MOSI and 1.0% on MOSEI. FRSR also performs
better on fine-grained sentiment metrics. Specifi-
cally, MAE is reduced by 9.4% on MOSI and 5.7%
on MOSEI, while Corr is consistently improved.
These results indicate that FRSR is effective not
only for sentiment polarity prediction, but also for
modeling subtle emotional intensity variations.

The improvements mainly come from the col-
laboration between the Fast and Slow Pathways.
The Fast Pathway identifies sentiment-relevant cues
while filtering out redundant or noisy information.
The Slow Pathway then integrates these sparse but
informative cues through Reasoning Tokens. By
restricting cross-modal interaction to a compact set
of salient tokens, FRSR reduces the influence of ir-
relevant context and achieves better alignment with
ground-truth sentiment labels.

Table 3 presents the results on SIMS. Compared
with MOSI and MOSEI, SIMS contains more re-
alistic Chinese videos and exhibits stronger multi-
modal inconsistency, making it a more challenging
benchmark.
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MOSI MOSEI
Model
Acc-2 F1 Acc-7 MAE Corr Acc-2 F1 Acc-7 MAE Corr
FRSR 85.07/87.20 85.22/87.15 47.63 0.661 0.819 84.75/86.73 84.35/86.65 54.85 0.510 0.786
wl/o FSR  84.15/86.15 84.26/86.31 4520 0.695 0.811 83.50/86.15 83.45/86.20 53.10 0.532 0.772
w/o SRF  84.45/86.40 84.50/86.35 46.10 0.680 0.813 84.13/86.30 83.75/86.35 5435 0.525 0.780
Table 4: Ablation experiments on MOSI and MOSETI datasets.
Testing Condition MOSI
Acc-2 F1 Acc-5 Acc-7 MAE Corr
{T} 83.53/85.12 83.64/84.97 50.14 4542 0.693 0.793
{A} 57.48/59.23 73.08/72.46 2253 21.78 1.254 0.158
{v} 57.29/58.82 72.31/71.88 21.81 21.19 1.282 0.141
{T, A} 84.26/86.14 84.37/86.09 51.08 4647 0.677 0.806
{T, V} 84.08/85.91 84.23/85.82 50.82 46.29 0.684 0.798
{A, V} 58.89/60.46 74.02/74.88 2344 2271 1218 0.187
{T,A, V} 85.07/87.20 85.22/87.15 5215 47.63 0.661 0.819
Avg. 72.94 /74770 79.55/80.46 38.85 3593 0.924 0.529

Table 5: Robustness evaluation results of FRSR under inter-modality missingness on the MOSI dataset. {T'}, {A},
and {V'} denote language, audio, and visual modalities, respectively.

Method SIMS

Acc-2 F1 MAE Corr
FRSR 81.71 81.54 0.408 0.626
w/o FSR  80.20 80.15 0.422 0.592
w/o SRF 80.55 80.65 0.416 0.605

Table 6: Ablation experiments on the SIMS dataset.

4.5 Ablation Study

To evaluate the contribution of each component in
the proposed Fast—Slow framework, we conduct
ablation studies on MOSI, MOSEI (Table 4), and
SIMS (Table 6).

Impact of Fast Saliency Retrieval (FSR): Re-
moving the Fast Pathway (w/o FSR) forces the
model to process the entire multimodal sequence
without salience filtering, resulting in clear perfor-
mance degradation across all datasets. The effect
is especially noticeable on SIMS, where F1 drops
from 81.54 to 80.15. These results show that the
Fast Pathway is important for suppressing redun-
dant information and identifying informative emo-
tional cues before multimodal reasoning.

Impact of Slow Reasoning Fusion (SRF): Re-
placing the Slow Pathway with simple feature con-
catenation over the retrieved tokens (w/o SRF) also

degrades performance. While binary metrics such
as F1 and Acc-2 decrease moderately, fine-grained
metrics including Acc-7, MAE, and Corr are af-
fected more significantly, especially on MOSI and
MOSEI. This suggests that simple fusion is insuf-
ficient for modeling subtle sentiment variations,
while the Slow Pathway is important for capturing
deeper cross-modal semantic relationships.

4.6 Robustness under Modality Missingness

To evaluate modality-specific contributions and
model robustness, we test FRSR under different
modality missing settings on the MOSI dataset, as
shown in Table 5.

First, the language modality ({T}) serves as
the main semantic source, and any setting con-
taining text performs much better than those with-
out it. For example, using only {7'} achieves
an Acc-7 of 45.42, while using {A, V'} without
text only reaches 22.71. Second, although perfor-
mance drops significantly when text is unavailable,
FRSR still maintains relatively strong robustness
under single-modality settings such as { A} or {V'}.
This is mainly because the Fast Pathway filters out
noisy or irrelevant information before reasoning.
Finally, performance gradually improves from {7}
to {1, A}/{T, V'} and further to {7, A, V' }, show-
ing that the Slow Pathway can effectively leverage
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Top-K Acc-2 F1 Acc-7 MAE Corr
1 84.50/86.58 84.55/86.60 45.85 0.685 0.802

2 84.95/87.05 85.05/87.02 48.05 0.665 0.815

4 85.07/87.20 85.22/87.15 47.63 0.661 0.819

8 85.12/87.18 85.10/87.05 47.15 0.672 0.815
16 84.75/86.80 84.85/86.85 46.55 0.680 0.808
32 84.35/86.45 84.45/86.40 45.80 0.688 0.801

S 84.05/86.15 84.11/86.12 4520 0.695 0.795

Table 7: Sensitivity analysis of Top-K on MOSI.

complementary cross-modal cues to refine senti-
ment prediction.

4.7 Sensitivity Analysis of Top-K Evidence

We study the effect of the number of retrieved
salient tokens on model performance using the
MOSI dataset. Specifically, we evaluate K &
{1,2,4,8,16,32} and compare these settings with
a full-sequence baseline S (S = 50), where all
tokens are retained.

As shown in Table 7, performance first improves
and then declines as K increases. When K is too
small, the retained evidence is insufficient for com-
plete sentiment understanding. The best results are
achieved at K = 4, indicating that a compact set
of salient cues is sufficient for effective multimodal
reasoning.

Compared with the full-sequence baseline, the
Top-4 setting consistently performs better, suggest-
ing that the Fast Pathway effectively filters out re-
dundant or noisy information before multimodal
interaction. However, excessively large K values
gradually reduce performance, likely because ad-
ditional low-salience tokens reintroduce irrelevant
contextual information.

Based on these results, we use a fixed setting
of K = 4 for all experiments. Although dataset-
specific tuning may yield further gains, a unified
sparse setting better demonstrates the robustness of
the proposed framework.

4.8 Complexity and Efficiency Analysis

To evaluate the computational cost, we compared
FRSR with the recent strong baseline LNLN under
identical hardware conditions.

As shown in Table 8, FRSR trains approximately
2.18x faster (7.856s vs. 17.143s per epoch) with
fewer parameters (111.302M vs. 115.965M). This
striking efficiency fundamentally stems from our
decoupled dual-pathway design. Instead of per-
forming computationally heavy, opaque holistic fu-
sion over the entire sequence length, System 1 acts

Method Params (M) Time/Epoch (s)
FRSR 111.302 7.856
LNLN 115.965 17.143

Table 8: Computational overhead comparison.

as a lightweight heuristic filter to discard redundant
background noise. This allows the computationally
intensive System 2 (the deep cross-modal Trans-
former) to operate exclusively on highly sparse
Top-K tokens.

This demonstrates that the proposed retrieve-
then-reason paradigm not only improves structural
interpretability, but also achieves competitive per-
formance with substantially better scalability and
efficiency.

5 Conclusion

In this work, we introduce FRSR, an interpretable
dual-stream architecture engineered for Multi-
modal Sentiment Analysis. By bifurcating the
computational pipeline into heuristic evidence ex-
traction and focused semantic analysis, FRSR ef-
fectively circumvents the chronic shortcomings of
monolithic fusion models—namely, their vulnera-
bility to environmental clutter and their structural
opacity. Specifically, the rapid extraction mod-
ule isolates a sparse subset of highly discrimina-
tive affective triggers from dense input streams,
allowing the analytical module to execute profound
inter-modal deductions exclusively on this dis-
tilled evidence. Comprehensive evaluations across
the MOSI, MOSEI, and SIMS benchmarks con-
firm that FRSR delivers highly competitive pre-
dictive accuracy in both categorical and continu-
ous sentiment tasks. Furthermore, by confining
resource-intensive cross-modal interactions to a
condensed token subset, the proposed methodol-
ogy not only slashes computational overhead but
also demonstrates remarkable resilience against ir-
relevant modality noise.
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Limitations

Although FRSR improves explainable multimodal
reasoning, several limitations remain.

First, FRSR uses a fixed Top-K retrieval strat-
egy. While efficient, a static sparsity level may
not adapt well to inputs with different information
densities. Moreover, if the Fast Pathway misses
subtle but important cues, the Slow Pathway may
struggle to recover the missing information from
the retrieved subset alone. Although auxiliary su-
pervision improves salience estimation, cascading
errors cannot be fully avoided. Future work may
explore adaptive retrieval or feedback mechanisms
for dynamic evidence selection.

Second, although Reasoning Tokens improve in-
terpretability by exposing cross-modal interaction
patterns, their semantic meaning remains implicit.
These tokens are still latent representations that are
difficult to align with human-interpretable concepts
such as sarcasm or negation. Future work could
incorporate symbolic constraints or rule-based rea-
soning to provide more transparent explanations.
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