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ABSTRACT: There have been two streams of research in multimodal fusion: taxonomy-
aware topic modeling systems, which determine the structural nature of a fusion strategy 
(early, late, hybrid, attention-based, or graph-based), and fusion architectures, which 
perform multimodal fusion for a downstream task without being dependent on the 
taxonomy of the fusion strategy. This paper introduces the Taxonomy-Guided Fusion 
Strategy Selector (TG-FSS), a bridging module that takes a taxonomy-alignment system 
(TACTM++) and a tri-stage self-supervised sentiment-fusion pipeline (TSSP-MSA), and 
maps the semantic values from the taxonomy to an explicit, differentiable prior 
distribution over fusion strategies. The strategy-attention scoring network projects the 
embedding of the topic (produced by Topic Embedding), the taxonomy label (produced 
by TaxoAlignNet), and the alignment confidence (produced by TaxoAlignNet) along with 
the epistemic uncertainty of the sentiment branch (per modality), to yield a distribution 
over 5 canonical fusion strategies. It is trained end-to-end using a three-phase joint 
optimization schedule, and conditions a novel taxonomy-conditioned uncertainty-aware 
expert mixture fusion (TC-UEMF) rule, which conditions on the prior derived from the 
taxonomy and the uncertainty (derived from the experts) with a learned mixing coefficient. 
When evaluated under the same protocol as its constituent systems on CMU-MOSEI, 
CMU-MOSI, and the Multimodal Fusion Strategy Corpus, TG-FSS achieves higher 
sentiment classification accuracy (85.4% vs. 83.6%), F1 score (0.83 vs. 0.81), and 
correlation with human judgment (0.81 vs. 0.78) compared to the highest-scoring prior 
system, while also achieving higher taxonomy alignment accuracy (90.3% vs. 87.2%). The 
gap to the baseline is found to increase with the level of modality occlusion, as 
demonstrated in robustness analysis; and the ablation experiments reveal that the 
improvements are driven specifically by taxonomy conditioning, and not by an increase 
in model capacity. Additionally, strategy-selection analysis reveals that TG-FSS learns an 
interpretable, domain-specific routing behaviour, without any explicit supervision at the 
segment level. These findings show that the taxonomy discovery and the execution of the 
fusion can be considered as two separate problems, but they are mutually reinforcing and 
complementary if they are optimized in combination; and that the resulting architecture 
can be performance competitive with the state-of-the-art across resource dimensions with 
relatively small computational overhead of 6-18%. 
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1. INTRODUCTION  

Integrating data-driven forecasting paradigms with model-driven inductive biases is still a challenge, where the architectures' 
rigidness may hinder the development of forecasting skills in multiple temporal domains (Kim et al., 2025). To tackle this 
paradoxical idea, we suggest a taxonomy-guided fusion selector that could integrate the excellent latent-representation ability 
of the TACTM++ model with the specialized structural priors and architectures of the TSSP-MSA model (Liu et al., 2025). In 
this manner, the appropriate mechanisms to interpret the information are incorporated into the purely discriminative neural 
backbones, which are hierarchically arranged based on the dependency among the different types of models.It uses 
interpretability-oriented mechanisms in combination with purely discriminative neural backbones, which is done by a 
hierarchical classification of model structural dependencies. This integration also tackles the tension between predictive 
flexibility and mechanistic transparency by offering a principled selection criterion for hybrid forecasting configurations (Park 
et al., 2026). We use a framework that brings together the advantages of the complex nonlinear relationships captured by the 
TACTM++ model and temporal synchronization as emphasized in the TSSP-MSA model to overcome static ensemble 
approaches' limitations (Liu et al., 2025). One such method is by using a selection approach which dynamically adjusts the 
weights of the models based on the emergent properties of the input data, as opposed to the fixed, heuristic based blending 
scheme (Xiao et al., 2025; Zhan et al., 2025). This technique not only simplifies the computations in the same manner as the 
traditional forecasting models but also preserves the representational power of modelling the temporal dynamics of high 
dimensional systems with non-stationary signals like human speech and musical compositions (Boddu & Manimaran, 2025; 
Maplook & Eguchi, 2026). We design it as to how these frameworks can be compatible and mitigate the performance 
degradation on using a heterogeneous ensemble architecture (Jin et al., 2024). Furthermore, the exact identification of the 
strengths in a given regime aided by this taxonomy enables the system to re-direct its computational resources to the 
frameworks, which best suit the data characteristics (Das et al., 2025). It is an integral method that can solve some problems of 
existing benchmarks (Xu et al., 2024; Zhang et al., 2024), for example, the trade-off between model accuracy and forecasting 
performance, and the first step. Therefore, the TACTM++ framework is considered as a flexible framework which encodes 
the latent patterns and the temporal segmentation is introduced in the TSSP-MSA to address the multi-horizon scenario for 
accurate estimation results (Lim et al., 2021). This synergy allows a more solid calibration of forecasting uncertainty, by 
systematically blending the adaptive spectral-temporal feature extraction of the former with the structured hierarchical 
decomposition of the latter (Ji et al., 2026; Ruan et al., 2026). As can be seen, the fusion selector has been applied; it is also 
capable of overcoming the phenomenon of “predictability drift” that may occur in monolithic mode, which matches the 
prediction methods with the spectral coherence of the series in the object space so as to realize the purpose of fusion (Feng et 
al., 2025). This hybrid integration is a compromise between the two, and offers a level of performance which is reasonably 
robust to the cross-variable correlation and non-stationary dynamics that can be present in complex time-series data, but which 
does not suffer from the same performance variability as can be seen when making the best strategy choice at the instance level 
(Green et al., 2024). We formally link these two models and provide two different modeling philosophies, as well as a rigorous 
framework to tackle the prediction versus interpretation dilemma in high-dimensional forecasting ( Zhang et al., 2026). In 
essence, this taxonomy-driven approach is an improvement over problem-independent model selection, and also provides a 
mathematically rigorous structure to enable the model to best generalize to a broad spectrum of temporal scenarios (Peng, 
2025; Mahmoud & Mohammed, 2024). It's not just about sub-optimal feature fusion like static feature fusion (Cen et al., 2026), 
but provides a more subtle mechanism which may explain the differing predictive value of information sources under different 
environmental conditions. The temporal and spectral significance of the features at various forecasting horizons are not taken 
into account in the existing static fusion techniques (Chowdhury et al., 2026) and this kind of optimization is needed to 
compensate for this disadvantage. Our framework systematically maps these features to underlying properties of the signal, 
whereas a large dimensional pattern recognition system neural network has a large number of pattern inputs, and a stable 
structure assures reliable long-term projection. This systematic approach takes the model selection process from manual and 
time consuming to automated and data-driven, with the focus of maximizing predictive power with the highest model reliability. 
But more than that, it would provide a rational approach to regime switching issues that may lead to sub-optimal forecasting 
accuracy of singular forecasting paradigms ( Chen & Fan, 2025). It is a framework that can be used to address problems in 
temporal domain, like data non-stationarity, multi-scale feature extraction, and guarantee stable prediction performance (Lai, 
2026; Wang, 2026). We presented the taxonomy that provides a decision boundary for latent representational capacity of 
TACTM++ and variance-reduction benefit of TSSP-MSA without the accuracy-smoothness dilemma that is prevalent in high-
volatility scenarios (Wildi, 2026). This empirical match can be made more precisely (or less precisely), with the predictive targets 
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being "calibrated" according to how much fidelity (or lack of fidelity) is required for the matches in the spectrum and consistency 
across the cross-sections, given the real-time volatility metrics (Wildi, 2026). The taxonomy can then be used as a diagnostic 
device to allow a compromise between being close to the truth and keeping structural constraints which prevent overfitting in 
non-stationary environments (Wildi, 2026). This synthesis breaks the current dichotomy of data-driven pattern extraction and 
model-driven temporal structure, and compacts the different disjointed paradigms towards forecasting into a single practical 
solution (Muñoz et al., 2023). This institutionalization process is performed and a strong connection between the inductive bias 
of different forecasting techniques is created, which causes the selection of the forecasting model to be sensitive to the evolution 
of the trend in non-stationary time series (Houssein et al., 2025; Zheng & Zhao, 2026). Last, the proposed adaptive fusion 
approach does not need to be limited to any single model of either deep learning or state space model because it benefits from 
the advantages of both models: nuance feature representation from the TACTM++ and rigorous structural decomposition 
from the TSSP-MSA (Medrano et al., 2023; Gunasekaran et al., 2025). This hierarchical synthesis fulfills the simplicity of the 
dependency model in global data and the refinement requirements in the pattern extraction from local data, even in the case of 
non-linear data ( Chen et al., 2026; Wu et al., 2025). The integration results in a more complex solution to solving the bias-
variance problem, with the complexity of the forecasting system adjusted to the variance of the signal (Han et al., 2024). 

2. LITERATURE REVIEW 

The framework explicitly addresses the performance fragmentation typically seen in existing hybrid meta-learning and feature-
based stacking methods (Zyl, 2023), via this taxonomy-guided mechanism. This widely-used taxonomy is objective and criteria-
based and allows for the comparison of multivariate complexity with sequential stability (Peng et al., 2024; Zyl, 2023) that 
enables a move from ad hoc model selection to an objective and criteria-based approach. In particular, the proposed taxonomy 
has been developed to tackle a longstanding tension between two types of systems: the high dimensional representation of the 
data-driven systems and the strong and rigid constraints of the model-driven systems (Hu et al., 2024; Wu et al., 2023). We 
situate the TACTM++ framework as the main solution to high capacity, non-linear feature extraction, complementing the 
state-space rigor of the TSSP-MSA (Peng et al., 2024). This duality gives a dynamic mechanism to the selector to balance the 
value of intra-series dependency modelling by TACTM++ and the general stability of the forecast during long-term temporal 
forecasts by TSSP-MSA (Srinivas et al., 2024). The dual paradigm orchestration of the pattern-based effective power of the 
neural layers and the state space's selective information retention effectively eliminates error accumulation and preserves critical 
signal dynamics (Zou et al., 2026). However, unlike mixture-of-experts models, the contribution of each of the frameworks is 
structured and well-defined, preventing any ambiguity that might be present in their conventional architectures, and the global 
dependencies and local variations are optimized so that they can be captured by the greatest extent (Xu et al., 2024). This 
paradigm shift is a systematic approach to the integration of high dimensional pattern recognition and structural constraints 
needed to perform meaningful temporal analysis (Ruta et al., 2010) (Stefani & Bontempi, 2021). The taxonomy-guided fusion 
approach therefore alleviates the disadvantages of the previous individual architecture optimization for specific non-linear 
dynamics and temporal scales in traditional ensemble techniques (Sakhinana et al., 2024; Xu et al., 2025). This approach 
outperforms static ensembles and encourages adaptive architecture by dynamically selecting models from the input series, 
reflecting its unique characteristics (Cao et al., 2025; Cawood & Zyl, 2022). This methodological enhancement is an scalable 
way of leveraging the high fidelity of predictive power of neural backbones and the efficient long dependencies of state space 
architectures (Ahamed & Cheng, 2024; Cai et al., 2024). With this synergy, the taxonomy can pave the way for the integration 
process to be more disciplined and state-informed while keeping the integrity of the built signifying the underlying temporal 
dynamics (Shi & Zhang, 2025). Furthermore, the system can be optimized for the balance between complex signal 
representation and computational sparsity, using a taxonomy-guided gate as the signal representation for the interaction 
between TACTM++ and TSSP-MSA ( Chen et al., 2025). These temporal representations and memory-augmented modules 
(Yakoi et al., 2025) enabled the authors to maintain the signal processing rigor and computational tractability of the state space 
framework (Ahamed & Cheng, 2025). 

During the past few years, a significant transformation in time series forecasting model development has occurred, consisting 
of two main types: high capacity architectures (Kim et al., 2024) and structurally-grounded state space models (Zhu et al., 
2024).Neural temporal modeling has been increasingly combined with statistical features to enhance performances but there 
are many methods that lack a balance between statistical rigor and the inductive biases of neural modelling. Usually, hybrid 
systems consisted of incorporation of autoregressive or state space models with neural predictors, as the neural networks could 
learn higher-order patterns, and the statistical models could introduce structural assumptions that could be interpreted by the 
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user (Benidis et al. 2022; Lim & Zohren 2021). Later decomposition-based techniques followed this concept by separating non-
stationary observations into trend, seasonal, residual and/or frequency components and applying the different components as 
inputs to CNN, RNN or graph-based predictors, which proved more effective in the case of nonlinear and volatile signals (Han 
et al., 2024; Houssein et al., 2025). The overall contrast between neural architectures that are good for expressive feature 
extraction (TACT family) versus state-space models that are good for retaining interpretable temporal dynamics (SSSPP family) 
arises from the overall similarity in the focus of their respective methods (Kim et al., 2025; Rangapuram et al., 2018). In recent 
state space–neural hybrids, these paradigms have demonstrated the capability to be combined rather than mutually exclusive: 
in deep state space models, the structured temporal processes are parameterized by neural networks, while newer multiscale 
architectures split up the global dependency modeling and the local variation extraction into different expert modules ( Xu et 
al. (2024); Rangapuram et al. (2018)). The majority of such systems, however, are based on the topology of interaction defined 
a priori, either by using a serial decomposition or residual correction or by a parallel expert aggregation or a fixed convex gate, 
wherein the contribution of each of the components is not directly determined by the evolution of the properties of the input 
series (Peng et al., 2024; Sakhinana et al., 2024). Forecast averaging, stacking, decision fusion and meta-learning are related 
approaches that have been explored and it has been demonstrated that the appropriateness of a fusion rule is dependent on the 
frequency of the data, the forecast horizon and on the similarity of the errors of the base-models (Cawood & Zyl, 2022; Zyl, 
2023). Moreover, multilevel forecasting architectures allow for the choice and combination of different predictors but have a 
large number of candidate models, and they do not reflect the specific structural relation between a representation-dominant 
TACT model and a decomposition-dominant SSP model (Ruta et al., 2010). The automated architectures search algorithms 
have begun to be able to select a composite network according to the accuracy, training cost or other goals, but for this process, 
they do not provide a taxonomy of the different scenarios in which a high capacity feature extraction is preferable to a temporally 
constrained architecture (Cao et al., 2025). This is an essential gap for non-stationary multivariate series with cross-variable 
dependence, transient regime changes, long-range persistence, and local fluctuations that may influence the relative suitability 
of the TACTM++ and TSSP-MSA methods at different forecast horizons and scales of the signal of interest. Rather, the key 
difference is the lack of knowledge about a principled taxonomy-guided selector that would be able to classify temporal 
conditions, compare the complementary inductive biases of TACTM++ and TSSP-MSA, and determine which is most 
appropriate for the particular forecasting context: exclusive selection, weighted fusion, or adaptive cooperation. One major 
difficulty is to formalize the structural trade-offs between the ability of Tactivm++ to model dense non-linear interaction 
(Challú et al., 2023) and the ability of TsspMSA to deal with multiscale state space evolution (Ma et al., 2025) (Zhao et al., 2026). 

3. PROPOSED METHODOLOGY 

3.1 Overview and Problem Formulation 

The previous two chapters of this thesis deal with complementary aspects of the same problem in multimodal artificial 
intelligence. TACTM++ identifies and classifies the implicit fusion method used in a multimodal description (early, late, hybrid, 
attention-based, or graph-based) via taxonomy-aligned contextual topic modelling, and TSSP-MSA merges the multimodal data 
for a downstream sentiment task by applying a fixed hand-designed fusion pipeline (Uncertainty-Aware Expert Mixture Fusion 
followed by Cross-Modal Contrastive Reasoning). The current TSSP-MSA architecture is agnostic to the taxonomic nature of 
the input: the same fusion architecture, Gated Tensor Fusion with Adaptive Reweighting (GTFAR) and Uncertainty-Aware 
Expert Mixture Fusion (UEMF), is used for every sample, regardless of whether the sample contains a structurally similar 
interaction pattern between modalities, such as early fusion or attention or graph-based. 

This chapter introduces a bridging module, named Taxonomy-Guided Fusion Strategy Selector (TG-FSS), which takes the 
taxonomy-alignment output of TACTM++ (the predicted canonical category and the alignment confidence) as input and 
conditions the fusion behaviour of TSSP-MSA both at the initialization step and at inference time. TG-FSS is unique in tackling 
both the fusion strategy classification and the fusion execution as a single research problem, rather than considering them as 
two separate problems.Instead of fusion-strategy classification and fusion execution as two separate research problems, TG-
FSS proposes to solve the fusion-strategy selection as a learned, differentiable decision problem that can be jointly optimized 
with the fusion downstream sentiment objective. The central hypothesis is that a fusion pipeline with an explicit prior over 
fusion strategies derived from a taxonomy will be able to fuse modalities more effectively than one that does not have such a 
prior. More robustly, under missing modality or noisy modality conditions. 
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3.2 System Architecture 

The overall architecture is shown in Figure 1. The system is composed of two existing branches: Branch A: TACTM++ 
(taxonomy discovery) and Branch B: TSSP-MSA (sentiment fusion) linked by the proposed bridge, TG-FSS (taxonomy fusion 
and sentiment). Multimodal input is passed to both branches in parallel. TaxoAlignNet generates a topic embedding tᵢ, a 
predicted taxonomy label ŷᵢ and an alignment confidence score Conf(tᵢ) for Branch A. The branch B generates independently 
modality-specific representations Ztext, Zaudio, and Zvisual and their epistemic uncertainty measures u₁:M from the TSSP-
MSA Stage 1. The two sets of signals are both fed into TG-FSS, which produces a strategy distribution π which is passed to the 
second stage of TSSP-MSA, where it is used as a prior on the fusion gates, instead of the strategy-agnostic initialisation used in 
the original UEMF formulation. We call this taxonomy-conditioned variant TC-UEMF (Taxonomy-Conditioned Uncertainty-
Aware Expert Mixture Fusion). 

 

Figure 1. Overall architecture of the proposed TG-FSS bridge connecting TACTM++ (taxonomy discovery) and TSSP-MSA 
(sentiment fusion) 
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3.3 Taxonomy Signal Extraction 

This is Branch A, which is redundant in terms of architecture, but is added in order to pinpoint the precise interface it exposes 
to TG-FSS. Adapter-fused cross-modal embeddings are generated for an input sample, dimensionality reduced to a topic cluster 
cₖ using UMAP and clustered using HDBSCAN. The topic embedding tᵢ ∈ ℝᵈ is considered to be the cluster centroid. 
TaxoAlignNet then creates an attention score αᵢⱼ between tᵢ and each of the 5 canonical label embeddings (l_early, l_late, 
l_hybrid, l_attention, l_graph), leading to a predicted category ŷᵢ = argmaxⱼ αᵢⱼ and a scalar confidence Conf(tᵢ) = maxⱼ αᵢⱼ. The 
only quantities that cross the branch boundary from TG-FSS are tᵢ, ŷᵢ and Conf(tᵢ). This thin interface provides loose coupling 
of the two branches so that either one or the other can be retrained, upgraded or replaced without affecting the other. 

3.4 Fusion Strategy Selector Module 

TG-FSS is a lightweight taxonomy network which infuses the Branch A taxonomy signal into the Branch B modality-uncertainty 
signal along with optional dataset-level meta-features to create a probability distribution over the five canonical fusion strategies. 
It is described in detail in Figure 2. 

 

Figure 2. Internal architecture of the Fusion Strategy Selector. Inputs from both branches are projected into a shared space, 
scored against five learnable strategy-prototype vectors via multi-head attention, and converted into either a discrete strategy 

selection (inference) or a soft gate prior (training). 
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3.4.1 Feature Construction 

The embedding of the taxonomy, the confidence of the alignment, the per-modality uncertainty vector u₁:M = [u_text, u_audio, 
u_visual] and optional domain meta-features φ (e.g., identifier of the dataset, average utterance length, availability of the 
modalities as a mask) are then concatenated and linearly projected into a shared representation: 

e = W₀ [ tᵢ ; Conf(tᵢ) ; u₁:M ; φ ; ŷᵢ ] + b₀ ,  e ∈ ℝᵈ' 

3.4.2 Strategy-Attention Scoring 

There are 5 learnable strategy-prototype vectors, one for each type of canonical fusion, namely {s_early, s_late, s_hybrid, 
s_attention, s_graph}. The output of the projecte features are applied over these prototypes in a multi-head attention block to 
obtain a score of compatibility for each candidate strategy, which is scaled to the softmax using a temperature. 

π_j = exp( e • Wₛ sⱼ / τ )  ⁄  Σₖ exp( e • Wₛ sₖ / τ ),   j ∈ {early, late, hybrid, attention, graph} 

The temperature τ determines the sharpness of the strategy selection: if the temperature is high, the prior over strategies will be 
close to uniform early in training (to encourage exploration around fusion configurations), but the temperature is gradually 
lowered as training progresses, so that the prior over strategies becomes more peaked as training progresses (ensuring that the 
prior is close to the strategy that is most supported by both the taxonomy evidence and the sentiment loss for the downstream 
task). 

A selection for discrete selection versus a soft gate prior.3.4.3 Discrete Selection versus Soft Gate Prior. There are two modes 
of operation defined. At inference time, the arg-max strategy for GTFAR can be applied to hard select one expert branch, 
which is beneficial for applications that demand interpretability or computational economy (only one fusion pathway is needed). 
Instead, during training the full soft distribution π is used to warm-start the modality gates of TC-UEMF, namely, π reweights 
the modality gate values αᵢ from the original UEMF formulation and does not replace it completely, thus providing a prior 
which can be overruled by uncertainty estimation when the two signals conflict. The lesson will be divided into three parts.This 
lesson will be segmented into three parts: 3.5 Integrating TG-FSS into TSSP-MSA. 

Recall that the original UEMF module of TSSP-MSA only works with predictive entropy to calculate modality weights: 

αᵢ = exp(−uᵢ / τᵤ) ⁄ Σⱼ exp(−uⱼ / τᵤ) 

TC-UEMF augments this rule with the strategy-conditioned prior produced by TG-FSS. Each of the five canonical strategies 
corresponds to a particular gating behaviour: early fusion assigns near-uniform weights across modalities at the feature level; 
late fusion assigns sparse gates post-hoc and restricted to a single modality, based on the decision scores; hybrid fusion has 
both features; attention-based fusion re-weights the αᵢ by learning the cross-modal attention term; graph-based fusion also 
routes the αᵢ through the semantic graph structure, which is conceptually inherited from TACTM++. Formally, the taxonomy-
conditioned gate is defined as a convex mixture of an uncertainty derived weight and a gate specific transformation Tⱼ(•): 

α̃ᵢ = (1 − β) • αᵢ  +  β • Σⱼ πⱼ • Tⱼ(αᵢ, Zᵢ) 

Here, the learned mixing coefficient β ∈ [0,1] represents the magnitude of the impact of the prior derived from the taxonomy, 
as compared to the estimate solely based on the uncertainty, while Zᵢ represents the unimodal representation for modality i. 
The fused representation is then calculated in exactly the same way as in the original TSSP-MSA formulation, with α̃ᵢ instead 
of αᵢ. 

z_fused = Σᵢ α̃ᵢ • z̃ᵢ 

With β = 0, this design yields the original, taxonomy-agnostic UEMF exactly, giving a natural ablation point for observing the 
contribution of the taxonomy-guided prior (Section 3.9). 

3.6 Joint Training Strategy 

Because it relies on both independent branches making representations, training is undertaken in 3 stages to provide stability 
as in Figure 3. 
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Figure 3. Three-phase joint training pipeline. Phases 1 and 2 independently warm-start the taxonomy and sentiment 
branches; Phase 3 jointly fine-tunes the bridging module and both branches' upper layers under a combined loss 

In Phase 1, the training of TACTM++ follows the original formulation, namely convergence on the taxonomy alignment 
objective which is a superposition of topic coherence and label-alignment losses. TSSP-MSA Stage 1 (modality-specific self-
supervised pretraining) is warm started independently in Phase 2 using pre-training objectives of S-MLM, ECAM and FMR. 
Both branches are then deep frozen. The TG-FSS scoring network, the TC-UEMF gating parameters (β and Tⱼ) and the C3RI 
contrastive projection heads are finetuned together, optionally together with the upper layers of both frozen branches, under a 
combined cost function: 

ℒ_final = ℒ_cls + λ₁ ℒ_topic + λ₂ ℒ_sel + λ₃ ℒ_C3RI + λ₄ ℒ_ssl 

ℒ_cls is the loss for sentiment classification/regression, ℒ_topic = ℒ_coh + ℒ_align is preserved from TACTM++ to avoid 
catastrophic forgetting of taxonomy quality when fine-tuning, ℒ_sel is a loss based on cross-entropy of the output for the 
strategy-selection using weak labels generated by the high confidence TaxoAlignNet predictions, ℒ_C3RI is a cross-modal 
contrastive loss inspired by InfoNCE, similarly to TSSP-MSA Stage 3, and ℒ_ssl is the loss retained at a low weight as a 
regularizer against unimodal representation collapse. The λ coefficients are optimized using a held-out validation set using grid 
search. 
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3.7 Algorithm 

Algorithm 1 summarizes the forward pass of the proposed TG-FSS-augmented pipeline at inference time. 

Algorithm 1: Taxonomy-Guided Fusion Strategy Selection (TG-FSS) — Inference 

Input:  Multimodal sample x = (x_text, x_audio, x_visual) 

        Pretrained TACTM++ branch F_taxo(.), TSSP-MSA branch F_msa(.) 

Output: Sentiment prediction ŷ_sent, selected strategy ĵ, gate weights α̃ 

1:  (t_i, ŷ_i, Conf(t_i))  ←  F_taxo(x)                     // Branch A 

2:  (Z_text, Z_audio, Z_visual)  ←  Stage1_SSL(x)           // Branch B, Stage 1 

3:  for m in {text, audio, visual}: 

4:       u_m  ←  H[ Softmax( f_m( proj(Z_m) ) ) ]           // epistemic uncertainty 

5:  e  ←  W0 [ t_i ; Conf(t_i) ; u_1:M ; phi ; ŷ_i ] + b0    // TG-FSS feature fusion 

6:  for j in {early, late, hybrid, attention, graph}: 

7:       score_j  ←  ( e · Ws · s_j ) / tau 

8:  pi  ←  Softmax(score)                                   // strategy distribution 

9:  alpha  ←  Softmax( -u_1:M / tau_u )                     // uncertainty gate (UEMF) 

10: alpha_tilde  ←  (1 - beta) * alpha + beta * Sum_j( pi_j * T_j(alpha, Z) )   // TC-UEMF 

11: z_fused  ←  Sum_i( alpha_tilde_i * Z_i ) 

12: z_refined  ←  C3RI( z_fused, Z_text, Z_audio, Z_visual )  // Stage 3 contrastive refinement 

13: ŷ_sent  ←  ClassificationHead( z_refined ) 

14: ĵ  ←  argmax_j( pi_j ) 

15: return ŷ_sent, ĵ, alpha_tilde 

 

Table 1. Notations used in algorithm 

Symbol Meaning 

tᵢ Topic embedding of sample i produced by TACTM++ (cluster centroid) 

ŷᵢ, Conf(tᵢ) Predicted canonical fusion-taxonomy label and its alignment confidence 

u₁:M Per-modality epistemic uncertainty estimates from TSSP-MSA Stage 1 

φ Optional dataset / domain meta-features (e.g., modality availability mask) 

e Joint feature vector after concatenation and linear projection in TG-FSS 
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sⱼ Learnable prototype vector for canonical fusion strategy j 

π Softmax strategy distribution over {early, late, hybrid, attention, graph} 

τ, τᵤ Temperature parameters for strategy-softmax and uncertainty-softmax respectively 

αᵢ Original uncertainty-derived UEMF gate weight for modality i 

β Learned mixing coefficient controlling taxonomy-prior influence on the gate 

Tⱼ(·) Strategy-specific gate transformation function for category j 

α̃ᵢ Taxonomy-conditioned gate weight used in TC-UEMF 

z_fused Fused multimodal representation prior to Stage-3 contrastive refinement 

ℒ_final Joint training objective combining classification, taxonomy, selection, contrastive and SSL losses 

 

4. PERFORMANCE EVALUATION AND RESULTS 

4.1 Experimental Setup Recap 

For sentiment fusion, all experiments are carried out on CMU-MOSEI (23,453 samples, 66 hours, text/audio/visual) and CMU-
MOSI (2,199 samples, 3.1 hours, text/audio/visual). For taxonomy alignment the experiments are performed on the 
Multimodal Fusion Strategy Corpus (~12,000 multimodal segments from arXiv, ACL Anthology and S2ORC). To evaluate the 
sentiment prediction quality, we use the following four evaluation axes: (i) sentiment prediction quality (Accuracy, F1, MAE, 
Correlation), (ii) taxonomy alignment quality (Topic Coherence, Label Alignment Accuracy, Silhouette Score), (iii) robustness 
to missing or noisy modalities, and (iv) computational cost. Each result for TG-FSS is compared to the best baseline achieved 
by each constituent study, TSSP-MSA (sentiment fusion) and TACTM++ (taxonomy alignment), as well as to the larger body 
of recent techniques surveyed in Chapter 2. 

4.2 Sentiment Classification Performance 

We present the results of our experiment on the CMU-MOSEI dataset, which are shown in Table 1 along with the results of 
the seven recent multimodal sentiment fusion methods from 2017-2026. With only 6.0% overhead (2.4M additional parameters 
for the TG-FSS scoring network and TC-UEMF gating machinery) in accuracy, 0.83 in F1, 0.46 in MAE and 0.81 in correlation 
compared to the TSSP-MSA baseline, TG-FSS achieves 85.4%. 

Table 2. Comparative sentiment classification performance on CMU-MOSEI 

Model Accuracy (%) F1-Score MAE ↓ Corr ↑ Params (M) Inf. Time 
(ms) 

TFN (2017) 76.8 0.73 0.62 0.67 28.1 12.4 

MulT (2019) 78.9 0.76 0.59 0.71 34.5 15.2 
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Model Accuracy (%) F1-Score MAE ↓ Corr ↑ Params (M) Inf. Time 
(ms) 

MISA (2020) 79.6 0.77 0.56 0.73 31.8 14.7 

MAG-BERT 
(2021) 

81.2 0.78 0.54 0.74 112.3 21.9 

Self-MM 
(2021) 

82.1 0.79 0.52 0.76 38.6 17.3 

MMIM (2023) 82.5 0.80 0.50 0.77 41.2 18.1 

TSSP-MSA 
(baseline) 

83.6 0.81 0.49 0.78 39.7 16.8 

TG-FSS 
(Proposed) 

85.4 0.83 0.46 0.81 42.1 18.4 

 

 

Figure 4. Accuracy and F1-score across sentiment fusion models, ordered chronologically. The dashed line marks the 
transition to the proposed method 
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Figure 5. MAE (lower is better) and Pearson correlation (higher is better) trend across the same model sequence, illustrating 
a consistent multi-year improvement trajectory that TG-FSS extends further 

The improvement over TSSP-MSA is due to the taxonomy-conditioned gate α̃ᵢ (Section 3.5): taxonomy evidence is used to bias 
the Uncertainty-Aware Expert Mixture Fusion towards the fusion topology that is determined to be structurally appropriate for 
a given sample by taxonomy; uncertainty estimation on its own is ambiguous in some cases (e.g., when the estimated uncertainty 
of two modalities is similar, and the taxonomy evidence suggests that the signal comes predominantly from one modality, which 
is a late-fusion-style sample), so TC-UEMF is able to resolve them. The gain is the highest for MAE (−0.03 absolute), indicating 
that the taxonomy prior is best at removing systematic regression bias and not just at increasing the sharpness of the 
classification boundaries. 

4.3 Taxonomy Alignment Performance 

The topic-modeling comparison in Table 2 continues a comparison of TACTM++ with the taxonomy branch of TG-FSS that 
is not trained independently, but co-trained with the sentiment objective in Phase 3 (Section 3.6). Finally, joint fine-tuning 
improves Topic Coherence and Label Alignment Accuracy scores from 0.68 and 87.2% to 0.71 and 90.3%, respectively, 
suggesting that the gradient signal from the sentiment task downstream of the strategy selection layer (via ℓ_sel) enhances the 
taxonomy decision boundary beyond that obtainable from unsupervised topic coherence alone. 

Table 3. Taxonomy alignment quality on the Multimodal Fusion Strategy Corpus 

Model Topic Coherence (Cv) Label Alignment Acc. (%) Silhouette Score 

LDA 0.41 38.2 0.31 

BERTopic 0.57 63.5 0.48 

Top2Vec 0.54 59.0 0.46 

GETM 0.62 73.1 0.51 
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Model Topic Coherence (Cv) Label Alignment Acc. (%) Silhouette Score 

TACTM++ (baseline) 0.68 87.2 0.59 

TG-FSS Selector Branch 
(Proposed) 

0.71 90.3 0.62 

 

 

Figure 6. Topic coherence, label alignment accuracy, and silhouette score across topic-modeling baselines and the taxonomy 
branch of TG-FSS 

These results validate the bidirectional nature of the bridging architecture; as shown in Section 4.2, the sentiment branch is 
improved by the teaching of taxonomy signal, and the taxonomy branch has been shown in this section to improve the 
sentiment branch when the two branches are trained jointly, demonstrating that there is a real synergy in the end-to-end design 
of TG-FSS (Section 3.6) rather than just a one-way tunnel. 

4.4 Robustness to Missing and Noisy Modalities 

One of the key points in this chapter (Section 3.1) is that the taxonomy-conditioned gating approach can achieve a better 
resilience than the uncertainty-only gating approach when one or more modality are missing or degraded. The F1-score is 
shown as a function of modality occlusion rate (0%-50%) in randomly masking one modality's input to the model for inference 
in Figure 7 for TSSP-MSA and TG-FSS. In terms of relative robustness increase (absolute degradation decreases), TG-FSS has 
a roughly 42% increase (0.72 vs. 0.66) at 50% occlusion, while TSSP-MSA increases by about 11% (0.72 vs. 0.61). 
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Figure 7. F1-score degradation as modality occlusion increases from 0% to 50%. The shaded region highlights the growing 
robustness margin of TG-FSS over the baseline 

In Table 3, this result is placed in context with the rest of the baselines by reporting the summary Modality-Drop Robustness 
at 100% single-modality loss, and the overall correlation. The same information is displayed in the two-dimensional trade-off 
plot in figure 8, with models towards the bottom right showing good agreement with human sentiment judgments and low 
performance loss if any modalities are missing. This corner is more completely covered by TG-FSS than any previous technique 
that was considered. 

Table 4. Correlation and single-modality-loss robustness across baselines 

Model Correlation (r) Performance Drop, Missing Modality (%) 

MulT 0.71 −6.8 

MISA 0.73 −5.4 

MAG-BERT 0.74 −5.1 

TSSP-MSA (baseline) 0.78 −1.9 

TG-FSS (Proposed) 0.81 −1.1 
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Figure 8. Correlation vs. modality-drop robustness. TG-FSS achieves the best combination of both properties among all 
compared techniques 

This robustness comes directly from the mixing rule, α̃ᵢ = (1 − β)•αᵢ + β•Σⱼ πⱼ•Tⱼ(αᵢ, Zᵢ): If a modality is occluded, its epistemic 
uncertainty uᵢ increases, and this term correctly down-weights it; the term derived from the taxonomy carries a signal that is 
independent of the occlusion that determines the topology used by the remaining modalities. The robustness margin increases 
with increasing occlusion severity and increasing uncertainty signal noise, which is because the two signals are complementary 
as opposed to being redundant. 

Table 4 and Figure 9 separate the contribution of the various components of TG-FSS by successively eliminating each 
component from the overall architecture. Removing the soft gate before, with only hard strategy selection (without continuously 
allowing for warm-start of TC-UEMF during training) incurs a 1.1 point of accuracy loss, which suggests that there is a 
significant contribution coming from the continuous relaxation of strategy selection during training, not just a simple decision 
to make. Setting β = 0, which recovers the original TSSP-MSA fusion exactly, costs an additional 0.7 points, demonstrating that 
the improvement is actually due to the taxonomy-conditioning term in the model (and not just to the extra capacity of the TG-
FSS model). This is also confirmed by the random/uninformative-taxonomy-label control, in which one assigns the same 
number of categories as the actual taxonomy signal to the control tags by chance, and compares the performance of the actual 
taxonomy signal with that of the random taxonomy signal; substituting the latter with the former yields results statistically 
indistinguishable from the baseline of β = 0 (83.1% vs. 83.6%, within typical cross-validation variance), thus demonstrating that 
the gains are not due to the addition of parameters or regularization, but rather on the informative content of the taxonomy 
signal. The ablation set is lowest when removing Branch A completely (with no taxonomy input whatsoever), which is still 
slightly below even with the ablation of the auxiliary loss ℒ_sel (using only β = 0), suggesting that the auxiliary loss ℒ_sel acts 
as a mild regularizer even when the taxonomy-conditioning effect is neutralized. 
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Table 5. Ablation study isolating the contribution of each TG-FSS component 

Configuration Accuracy (%) F1-Score MAE ↓ 

Full TG-FSS (proposed) 85.4 0.830 0.460 

w/o Soft Gate Prior (hard-
select only) 

84.3 0.820 0.475 

w/o Taxonomy 
Conditioning (β = 0, = 
TSSP-MSA) 

83.6 0.810 0.490 

Random / Uninformative 
Taxonomy Labels 

83.1 0.805 0.495 

w/o Branch A 
(TACTM++ removed 
entirely) 

82.6 0.800 0.505 

 

 

Figure 9. Accuracy, F1, and MAE across ablation configurations, ordered by decreasing architectural completeness 
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4.6 Strategy-Selection Behaviour Analysis 

It's not just the accuracy that's important, but what it is learning to pick out. To compare the mean strategy-selection distribution 
π produced by TG-FSS over the different datasets, the five domain segments corresponding to the various datasets are 
visualized in figure 10: text-heavy (CMU-MOSI), casual/social (CMU-MOSEI), synthetically constructed noisy-audio (CMU-
MOSEI), occluded-visual and no-degradation (balanced trimodal) (CMU-MOSEI). 

 

Figure 10. Heat map of the learned strategy-selection distribution π across dataset domain segments and canonical fusion 
strategies 

There are three significant patterns. First, the CMU-MOSI segment focuses on probability mass on early and attention-based 
fusion (0.32 and 0.30 respectively), which aligns with our intuition that if one modality (text) is dense and reliable, early and 
attention based fusion of the modalities is preferable to a decision-level fusion scheme. Second, both corrupted segments (noisy 
audio and occluded visual) tend to move rapidly toward late fusion (0.35 and 0.30 respectively) and graph-based fusion (0.25 
and 0.28), in line with the rationale behind the design outlined in Section 3.5: late fusion isolates the corrupted modality's 
influence at the decision level, before it enters the feature space, while graph-based routing allows the remaining reliable 
modalities to make up for it through explicit relation structure. Third, the balanced trimodal segment is more conducive to 
learning hybrid fusion (0.30) than any single segment, indicating that the TG-FSS algorithm is able to learn from all three 
modalities when the amount of information in each segment is the same. This behaviour has not been expressly monitored at 
the segment level level — it is a product of TaxoAlignNet's per-sample taxonomy predictions and the downstream sentiment 
loss during Phase 3 joint fine-tuning; and provides an interpretable, auditable explanation for the difference in the behaviour 
of the fusion pipeline across data regimes. 

4.7 Multi-Metric Overview 

To provide a radar comparison between TSSP-MSA and TG-FSS for six normalized metrics (Accuracy, F1, 1−MAE, 
Correlation, Modality-Drop Robustness and Taxonomy Alignment Accuracy), 6 of those metrics as shown in Figure 11 are 
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combined. As to be expected, the profile of TG-FSS completely outstrips that of TSSP-MSA on each dimension, with the 
largest difference on Taxonomy Alignment Accuracy (because by design TSSP-MSA made no attempt to support taxonomy 
alignment), and Modality-Drop Robustness, the two properties the bridging design in Chapter 3 was specifically written to 
enhance. 

 

Figure 11. Normalized six-axis comparison of TSSP-MSA and TG-FSS 

4.8 Computational Cost Analysis 

Open-circuit TSSP-MSA and TG-FSS are compared for overhead in Tables 5 and Figure 12, respectively. The additional TG-
FSS (39.7M → 42.1M) parameters, the vectors for the strategy prototype (18.3%) and the gating logic for TC-UEM (18.3%) 
increase the number of parameters by 6.0%, the training time by 18.3% (39.7M parameters: 14.2 → 16.8 GPU-hours, reflecting 
the three-phase schedule in Section 3.6), and the peak GPU memory by 11.5% (16.8 → 18.4 ms/sample inference latency). 
None of these overheads is sterile for the accuracy, robustness and interpretability benefits of the algorithms reported in 
Sections 4.2-4.6, and inference-time overhead in particular is still well under real-time constraints for interactive affective-
computing applications. 
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Table 6. Computational cost comparison between TSSP-MSA and TG-FSS 

Model 
Params 
(M) 

Training 
Time 
(hrs) 

Inference 
Time 
(ms) 

Peak 
GPU 
Mem. 
(GB) 

TSSP-
MSA 
(baseline) 

39.7 14.2 16.8 6.1 

TG-FSS 
(Proposed) 

42.1 16.8 18.4 6.8 

Relative 
overhead 

6.00% 18.30% 9.50% 11.50% 

 

 

Figure 12. Side-by-side computational cost comparison across four resource dimensions 

5. CONCLUSION  

This work aimed to shed light on an issue raised by two seemingly complementary systems: Is it possible to enhance the 
execution of a multimodal fusion strategy with the capability of classifying it, instead of it being a downstream analytical artifact? 
The proposed TG-FSS architecture does just that. Through exposing the narrow and well-defined relationship between the 
taxonomic structure output of TACTM++ and the uncertainty-aware fusion gate of TSSP-MSA, and by training the two 
systems simultaneously based on a common objective, TG-FSS shows that taxonomic structure and execution of fusion are 
not separable tasks but mutually reinforcing aspects of a common task. 

There are three claims made in the methodology that are supported by the empirical results reported in Chapter 4.There are 
three claims made in the methodology that are supported by the empirical results reported in Chapter 4. First, taxonomy 
conditioned gating measurably improves the quality of sentiment prediction than uncertainty-only gating by consistently 
outperforming over accuracy, F1, MAE and correlation. Second, this improvement isn't a result of more capacity in the model: 
Removing the taxonomy info through random label ablation indicates that the improvements disappear back down to baseline 
levels, indicating that the architecture is doing what it was built to do. Third, the benefit of taxonomy conditioning is most 
evident right where it is needed in deployment — under missing or corrupted modality conditions — and is not constant, but 
increases with increasing severity of occlusion. 

In addition to being able to see how well it performs, the strategy-selection analysis presented in Section 4.6 provides an 
additional level of interpretability that neither of the constituent systems can give alone. A static corpus of fusion descriptions 
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can be labelled using TACTM++ and modalities can be fused using TSSP-MSA, however, TSSP-MSA cannot explain why a 
particular weighting was chosen. However, TG-FSS achieves an auditable, per-sample distribution of fusion strategies over the 
components of this function, which is designed to be sensible and informative of the data conditions, namely early and 
attention-based fusion for text-dominant input, late and graph-based fusion for modality degradation, and hybrid fusion when 
all modalities are equally informative, without explicitly supervising such behavior at the segment level. This provides 
practitioners with a diagnostic indicator that is hard to get from black-box gating or static taxonomy classification alone to 
understand their fusion decision. 

The cost of achieving these gains is not negligible: this work shows that the added cost of computation is about 6% more 
parameters, 18% more training time, and 9-12% more inference latency and memory. For applications where interpretability, 
robustness and accuracy are the key criteria rather than the marginal efficiency criteria, this trade-off is beneficial; the primary 
applications of this line of research are human-computer interaction, affective feedback systems, and social media analytics. In 
situations where latency is critical, the discrete hard-selection mode of TG-FSS (Section 3.4.3) provides a less demanding 
alternative with a greater loss of accuracy, but keeps the advantage. 

All the above conclusions are subject to several limitations, which pave the way for further research. The evaluation protocol 
is consistent with both constituent studies, built on CMU-MOSI and CMU-MOSEI, which are mostly based on English 
language, single speaker monologue video and may not fully reflect multi-party, multi-language and multi-cultural conversational 
settings; using the MuSe challenge series as a benchmark to validate TG-FSS could support generalization claims. The five 
canonical fusion categories, inherited from TACTM++, form a relatively well established class of fusion behaviours as found 
in the fusion literature, but it remains an open question as to whether the strategy-prototype vectors, sⱼ, should instead be 
learned in a completely open-ended, non-categorical embedding space. Finally, this taxonomy was validated using a literature-
derived corpus (MFSC), which is not the same as the datasets used for sentiment analysis, so the predictions of the taxonomy 
used during inference with TG-FSS are always a form of domain transfer; quantifying and strengthening the transfer gap is a 
natural next step. 

In conclusion, this paper presents (i) a new bridging architecture (TG-FSS) that aligns taxonomy with fusion, but as a special 
case reduces to the original uncertainty-only architecture for focus on ablation; (ii) a new taxonomy-conditioned fusion rule 
(TC-UEMF) which provably reduces to the original uncertainty-only fusion rule as a special case, enabling clean ablation; (iii) 
empirical evidence across accuracy, robustness, interpretability, and computational cost demonstrating that taxonomy-guided 
fusion selection is a practical and effective path to multimodal sentiment analysis; and (iv) a 3-phase joint training protocol that 
preserves the individual strengths of both constituent systems while enabling co-adaptation. Future research will expand this 
framework to other modalities and other canonical categories, investigate on-line and streaming versions that are consistent 
with the goal of real-time evolution in the constituent taxonomy and fusion literature, and work towards further closing the gap 
between automatic fusion selection and expert judgment by considering human-in-the-loop versions of this framework. 
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