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ABSTRACT: Prior studies on multimodal fusion have built two distinct aspects:
taxonomy-aware systems which identify the type of fusion strategy (eatly, late, hybrid,
attention-based or graph-based), and fusion architectures which perform multimodal
fusion for a specific downstream task and are not dependent on the taxonomy. The
Taxonomy-Guided Fusion Strategy Selector (T'G-FSS) fuses these streams, leveraging an
externally supervised taxonomy signal to boost the accuracy of sentiment classification, F1,
and correlation with human judgments over the best prior systems on CMU-MOSEI,
CMU-MOSI, and the Multimodal Fusion Strategy Corpus (MFSC), and it uses segment-
level and taxonomy annotations to train its taxonomy-alignment component. This paper
proposes a Taxonomy—Fusion Co-Discovery Network (TFCD-Net) that breaks this
supervision dependency by proposing to reformulate the two tasks of taxonomy discovery
and the execution of the taxonomy—fusion as two nested optimization problems that are
jointly solved by a single self-supervised objective. A shared soft-assignment vector is used
to assign each instance to its taxonomy category and provides a gating signal for a bank of
candidate fusion operators, thereby enabling gradient to flow directly back to taxonomy
induction from fusion performance, while also incorporating the consistency of cross-
modal assignments, the separability of taxonomy assignments, a fusion utility, and a
regularizing signal based on assignment-balance. Classified with the same protocol as TG-
FSS and its sub-systems, TFCD-Net achieves better sentiment classification accuracy, F1
score and correlation with human judgement (87.1% vs. 85.4%, 0.85 vs. 0.83, 0.84 vs. 0.81
respectively) with zero modality supervision in its training, and the gap in accuracy grows
with modality occlusion and cross-dataset transfer. Ablation results confirm that the
improvement is directly due to the shared taxonomy-fusion gradient path, rather than to
additional model capacity, and post-hoc analysis confirms that the model self-learns a
taxonomy cardinality (K = 5) and routing behavior that closely match the hand designed
taxonomy used in the field for fusion. The results show that taxonomy discovery and
execution of the taxonomy-guided pipelines are two distinct problems, but when they are
optimized together, they are reinforcing each other, and that reinforcement can be achieved

without annotation cost which is needed for supervised taxonomy-guided pipelines.

Most traditional methods of multimodal fusion involve using an externally provided taxonomy to classify architectural strategies,
leading to restrictive scalability and lack of adaptability to new and untidy data domains. With systems like TACTM++, the

taxonomy alighment relies on pre-defined taxonomy categories; the resulting organization will only be of high quality and
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coverage if the taxonomy categories are high quality and well covered [1]. A different approach is to use self-supervised
multimodal learning, which is based on agreement, complementarity, and structure between raw modalities to learn
representations and how to combine them together without manual annotations [2]. This study thus proposes that taxonomy
induction and learning the fusion strategy can be optimized together, that the model can discover semantically coherent
architectural groupings and that the model can select fusion strategy to maximize performance in the downstream task, TG-
FSS. This co-discovery can help minimize the mismatch between imposed categories and data fusion behaviors, but also
maintain the ability to learn shared information as well as modality-specific information. The hypothesis is tested by comparing
the proposed framework with supervised TG-FSS methods and by assessing if the induced structure is coherent, stable and
helpful for predicting the downstream state in different data scenarios.This approach avoids the need for predefined schemas
and schemes, which are human-designed, and is able to overcome the drawbacks of existing architectures that are not ready to
handle the heterogeneity and dynamism of multimodal data. In contrast to the approaches like labeled representative
descriptions to map the discovered topics to canonical fusion categories, [3] the proposed method generates the supervisory
signals directly from the cross-modal agreement, cross-modal complementary and the cross-modal reconstruction relationships
in the raw inputs. This design minimizes the dependency of the annotations and maintains the modulation-specific cues in the
model along with shared representations, which has been highlighted as one of the key elements in self-supervised multimodal
learning [2]. The framework, therefore, can be effectively optimized jointly with cluster assignment and fusion operations based
on the data to adapt the organizational structure according to the evidence in the data, rather than to force every architecture
into a fixed taxonomy. It takes advantage of the inherent structural relationship among raw multimodal inputs, which inherently
reduce the need for manual labelling in specific areas, and eliminate scalability limitations and potential bias of manual labelling.
The model is able to effectively find different architectural patterns, capturing the latent dependencies between the modality-
specific features and the corresponding fusion stages. In these dependencies, we do not find fusion as a set design choice, but
instead a way to group instances together based on the fusion behaviour they share, whilst preserving differences on the
modality specific information. It is hoped that the jointly induced taxonomy would be more interpretable and would assist in
deciding which fusion one should apply when using the adaptive fusion that would be assessed by taxonomy coherence,
assignment stability, and downstream TG-FSS. This motivation is especially crucial since there is a labeled alignment component
in TACTM++, which aligns discovered topics to the canonical categories of fusion; the taxonomy thus obtained is dependent

on the scope, consistency and availability of external, supervised sources of category descriptions [1].

This dependence might limit discovery if architectural strategies are presented in terms of implicit, ambiguous, or unfamiliar
language, and could lead the model to make known types of distinctions instead of discovering structure in the data. In this
regard, the ability to learn from self-generated supervisory signals from raw inputs and relationships between raw inputs, such
as cross-modal correspondence, instance discrimination, clustering, masked prediction and reconstruction, makes self-
supervised multimodal learning an attractive approach, due to the lack of costly human annotations [2]. These signals can
facilitate the model to retain both modality-invariant information and modality-specific signals during the representation
learning process, which is also useful for fusion. On this basis, it is hypothesized that taxonomy assignment and fusion
operations can be learnt as two mutually informative latent variables: the induced taxonomy can be used for organizing
instances, based on their shared semantic and architectural behaviour, while the learned fusion strategy can be used to refine
the taxonomy assignments, identifying which modalities and interaction patterns are jointly informative. This hypothesis
extends the multimodal clustering approaches that aim to evolve representation learning and cluster formation simultaneously
by enforcing multimodal consistency objectives [6] into the case where the structure discovered is directly used to adaptively
fuse for TG-FSS. The study thus tests the ability of end-to-end co-discovery to generate coherent and stable taxonomy groups
that are comparable to or better than the supervised TG-FSS, without segment-level or taxonomy-level annotations. The
annotation bottleneck is one of the key challenges for the effective application of deep learning systems in data-scarce areas [7]

and is the focus of this investigation on self-supervised co-discovery.
2. RELATED WORK

The recent research in multimodal has moved from static, human labeled taxonomies to dynamic, self-supervised taxonomies
to reduce the variability of architectural description [8]. Labelled alignment layers are used in supervised systems like TACTM++
to align latent topics with categories of canonical fusion, but as these are dependent on the other categories, the taxonomy
discovery is limited when there are missing, ambiguous or unavailable category definitions [3]. Self-supervised multimodal

learning, on the other hand, derives training signals, such as instance discrimination, clustering, masked prediction and cross-
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modal correspondence, and allows for various types of multimodal fusion using modality-specific encoders, or a single encoder
[2]. The problem of co-learning a meaningful taxonomy and an effective fusion mechanism, however, remains unresolved due
to the necessity of the model to identify and account for shared semantic structure in the different modalities and to deal with
the presence of heterogeneity, noise, redundancy, missing data and partial misalignment [9]. The questions raised by these
challenges include the following:Can the taxonomy assignment and fusion operation be optimized end-to-end without the
introduction of unstable clusters, modality dominance and/or task-specific shortcuts to define the discovered structure? In
addition, the absence of a common goal of both structure and fusion optimization leads to a problem in maintaining a
categorical semantic consistency within learned clusters across various data streams [10, 11]. Thus, it is crucial to reconcile
between flexible structure discovery and strong requirements for task-specific fusion, which requires a new objective to unite
these conflicting learning signals. This work in particular investigates the synthesis of the CL and cross-modal correspondence
goals to give a solid supervisory signal simultaneously for the induction of structures and the optimization of the fusion [12]
and [13]. Through the hierarchical dependencies, the model tries to ensure that the clusters induced through the model will
reflect a semantic coherence and will not be dominated by modality-specific features of the data [14] [15]. To overcome the
fundamental limitation of latent alignment, where existing models are often not able to integrate heterogeneous information,
because of disagreement on the optimal fusion strategies, this integrated approach was implemented [16] and [17]. Therefore,
our framework aims to address this mismatch by identifying the optimum topologies for fusion automatically from the
discovered latent structure with co-learning, and outperforms manually designed architectures [18, 19]. This research is to reduce
computational combinatorial complexity that typically arises in conventional pair-wise modality alignment [20] which relies on
human experts to design the architecture. This research will shift the burden of architectural design from human experts to
latent data-driven discovery to reduce the combinatorial computational complexity typically introduced by conventional pair-
wise modality alignment [20] [21] which relies on human experts for designing the architecture. Moreover, it is well known that
this is a challenging issue to ensure efficient and consistent structure of the modality graph in the case of heterogeneous modality
graphs [22]. Specifically, the proposed architecture investigates the possibility of exploiting inter-modal dynamics by learned
cluster conditioned fusion pathways better than fixed tensor-based and attention-driven mechanisms [23, 24]. This study also
investigates if such adaptive pathways can lead to stronger alignment of representations in situations where the traditional
contrastive tasks are not sufficient to capture the subtle semantic structure of the data [25, 26]. This strategy faces the "alignhment
paradox": explicit alignment constraints can have the side effect of stifling the differences that are needed for complex cross-
modal interactions [27]. This work sheds light on the modality gap that stands in the way of efficient static alignment goals such
as [28] and [29] and explores the possibility of achieving the right balance between global semantic grounding and local modality-
specific structures through data-driven discovery. This effort is another solution to the long-standing challenge of fixed fusion
strategies which are not able to compensate for modality-dependent semantic changes, which can lead to suboptimal fusion

when the distribution of modalities in the input changes [30, 31].

The proposed framework aims to address these challenges by dynamically adjusting fusion operations based on the latent
structural assignments, for greater robustness in a variety of and unconstrained multimodal environments. There has been a
number of existing works that can serve as bases for this goal, however, most of the works are focused on a single part of the
problem, such as representation learning, taxonomy induction or fusion optimization. Usually, multimodal architectures are
divided into eatly, late and hybrid integration approaches, with recent studies using attention, tensor, graph or encoder—decoder
approaches to model more complex interactions between multimodal data [2], [10], [13]. While these designs have better
representational power, the combination of the fusions is typically predefined by the researcher and not determined by the data.
However, dynamic fusion methods, which are able to select between modality subsets or expert pathways at inference time,
typically optimize their routing policies for an upcoming task and do not necessarily also produce a semantically interpretable
taxonomy [32]. Likewise, multimodal clustering methods show that the representation learning and cluster assignment can be
optimized together: GECMC optimizes both intra- and inter-modal consistency by assigning pseudo-labels and using
contrastive objectives [6]; EAMC trains an end-to-end model by optimizing representation learning, multimodal fusion,
attention-based modality weighting, and discriminative clustering [33]. These studies, however, concentrate mostly on the
quality of the clusters, and do not directly relate the resulting clusters to the fusion strategies chosen for each instance.

Novel category discovery is a line of work that builds on this, where the representations are learned jointly, and where the
clusters are assigned to unlabeled multimodal data, but can still include category discrimination or pseudo-labeling assumptions,
as compared to the fully annotation-free TG-EFSS setting [34]. Unlike TACTM++, however, the discovered topics are explicitly
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mapped to the canonical fusion categories by a small labeled dataset using attention-guided decoder that is trained on the set

of categories, and is interpretable but depends on the external category supervision [3].

The novelty of this work is thus that taxonomy assignments are not simply predicted following representation learning, but

they are considered as latent variables that affect the fusion mechanism and are learned in the same self-supervised objective.

This design addresses some of the unanswered questions from the literature, such as: How to handle the semantic difference

between modalities, how to avoid the generation of incorrect negative pairs, how to manage modality-specific noises, and how

to avoid the loss of complementary information when using the aggressive alignment approach [27] [29] [35]. It also tackles the

computational complexity of cross-modal comparisons between pairs of images and replaces the modality-to-modality

alighment by cluster-conditioned interactions, selectively activated per input [20]. The central methodological issue, then, is if

it is possible to maintain modality-specific evidence while generating modality-stable taxonomy groups that are semantically

coherent, and sufficiently discriminative to enable adaptive fusion without any segment-level labels or taxonomy-level labels.

Table 1: Synthesis of Existing Studies

Existing Primary learning signal Structural or fusion Remaining limitation for annotation-free
approach mechanism TG-FSS
Conventional | Supervised task loss or fixed | Feature concatenation, The topology is manually selected and

tensor-, and

graph-based

learned cross-modal

interactions

early, late, and | design priors decision aggregation, or cannot adapt to instance-specific semantic
hybrid fusion combinations of both variation [2], [13]
Attention-, Task supervision with Attention weighting, These mechanisms model interactions

outer-product interactions,
or relational graphs

effectively but do not generally discover an

interpretable taxonomy jointly with fusion

clustering and

alighment, or pseudo-label

fusion [10], [23]

Dynamic Downstream task loss and Modality-level and fusion- | Routing is adaptive, but the selected
multimodal resource-aware routing level expert selection pathways are not necessarily grounded in a
fusion self-discovered semantic structure [32]
Deep Reconstruction, divergence- | Joint encoders, fused Cluster discovery is integrated with
multimodal based clustering, adversarial | latent spaces, modality representation learning, yet cluster

weighting, and cluster

assignments are not explicitly used to

and pseudo-label generation

EAMC contrast heads discover fusion topologies [33], [30]
GECMC Intra-modal and inter-modal | Graph embeddings and It jointly evolves clustering and
contrastive consistency centroid-based clustering | representation learning, but its objective
does not directly couple taxonomy nodes to
adaptive fusion decisions [6]
Novel category | Instance discrimination, Shared representation It discovers previously unseen categories,
discovery cross-modal discrimination, | space with cluster but its formulation is not designed to

assighment

replace a taxonomy of fusion operations

[34]
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clustering followed by

labeled taxonomy alignment

HDBSCAN/UMAP
clustering, attention-based
alignment, and graph

refinement

Existing Primary learning signal Structural or fusion Remaining limitation for annotation-free
approach mechanism TG-FSS
TACTM++ Self-supervised semantic Transformer embeddings, | It improves interpretability and category

alignment, but the final mapping relies on a
predefined taxonomy and labeled alignment
examples [3]

Proposed co-
discovery

framework

Cross-modal consistency,
contrastive structure
induction, and task-aware

self-supervision

Latent taxonomy
assignments gate cluster-
conditioned fusion

pathways

The unresolved issue is whether a single
end-to-end objective can stabilize clusters,
prevent modality dominance, and achieve

supervised TG-FSS performance without

taxonomy labels

These comparisons illustrate that there are discrepancies between the methods of finding latent groups and methods that modify
the fusion process. In previous self-supervised multimodal learning surveys, the problems of representation learning (without
labels), modality fusion, and learning from unaligned data are considered as intertwined problems instead of separate modules
[2]. Their intersection is tackled by the proposed study, which introduces the taxonomy discovered to the operational level:
each latent group is expected to involve semantic regularities, but also an appropriate pattern of cross-modal interaction. This
coupling allows for evaluation that both tests the model's competitive performance on the TG-FSS and tests the coherence of
the induced taxonomy under changes of modality availability, distribution and noise.This coupling allows for evaluation that
not only tests the model's competitive performance on the TG-FSS but also tests the coherence of the taxonomy induced by
the model under changes in modality availability, distribution and noise.

3. PROPOSED MODEL

In the existing multimodal fusion work, the taxonomy discovery and fusion strategy execution are two separate tasks: taxonomy-
aware systems (c.g., TacticM++) need to be supervised with category labels provided from other modalities, and fusion
architectures (e.g., TSSP-MSA) are presumed to have known and fixed taxonomy. The sequential dependency brings three
consequences: (i) the quality of the fusion depends on the accuracy of the taxonomy learned in isolation, (ii) it cannot be applied
in domains or modalities where segment-level annotations or predefined taxonomy labels do not exist, and (iii) errors in

taxonomy assignment have no means to be corrected by the fusion signal.

M
Formally: given raw multimodal input x; = {xi(m)} with 70 observed segment-level targets y;and #o taxonomy labels t;,
m=1

how can a model jointly (a) discover a latent taxonomy structure over K categories and (b) learn the fusion pathway appropriate
to each discovered category, such that both are optimized as mutually dependent latent variables rather than sequential

stages — while avoiding degenerate or collapsed cluster assignments?
3.1 Taxonomy—Fusion Co-Discovery Network (TFCD-Net)

The first step of the prior taxonomy-guided fusion frameworks (e.g., TG-FSS) is to identify taxonomy from the input samples
using an externally supervised taxonomy label system (e.g., TACTM++), and the identified taxonomy label is passed to a
downstream taxonomy fusion module (e.g., TC-UEMF) as a conditioning signal to execute the fusion. Although this design is
more interpretable and more effective than the independent taxonomy/fusion system, it has two limitations. First, it must be
annotate at the segment level or have the predefined taxonomy labels to train the taxonomy-alignment component, otherwise
it is not applicable to domains where such labeling is not available or costly. Second, the taxonomy is known in advance of
learning the fusion, so that if the taxonomy-discovery algorithm is wrong or biased, the fusion algorithm will be exacted without
any way for the objective of the fusion to correct the error or bias from the discovery phase.

It is this interdependence that is broken in this paper by reformulating taxonomy discovery and the fusion of taxonomy

execution as two mutually dependent latent variables that are optimized within the same objective function, self-supervised
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learning. However, unlike a taxonomy label that is computed once and passed along, the same soft assignment vector is used
to map an instance to a semantic category and to indicate which cross-modal fusion pathway to use in a semantic category,
meaning that the fusion signal can, through backpropagation, directly modify the taxonomy that it came from, and the taxonomy

can modify the fusion signal.

Raw multimodal input streams
No segment or taxonomy labels

Modality-specific encoders
Produce per-modality embeddings

Taxonomy induction network
Estimates soft assignment

Soft assignment vector s_i
Distribution over K latent nodes

=~ e N

Operator F,... Operator F_K
Candidate pathway Candidate pathway

Operator F,
Candidate pathway

Weighted fusion aggregation
z_i =X s_ik-F_k(h)

l

Composite self-supervised loss
Consistency + taxonomy + fusion + balance

U gradients jointly update encoders, taxonomy network, and fusion operators

Figure 1: Proposed architecture

Modality encoders. Each modality stream is independently encoded as hgm) =E, (xgm)), producing modality-specific latent
representations. These encoders are not frozen or pretrained separately — they are optimized jointly with the rest of the
network, so the representations they learn are shaped by both the taxonomy-discovery and fusion objectives from the outset.

Taxonomy induction network. A shared network g(-)maps the concatenated modality embeddings to a soft assignment

vector:

s; = softmax(g([hgl)' ---’hEM)D) € R¥

over Klatent taxonomy nodes. This is best understood as the E-step of an expectation-maximization process: rather than
hard-assigning each instance to a discrete category, the network estimates a probability distribution over categories, which keeps
the entire pipeline differentiable end-to-end. This is the mechanism that allows taxonomy discovery to be learned via gradient

descent rather than via an external clustering algorithm applied post hoc.
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Candidate fusion operator bank. A set of Kdifferentiable fusion operators {Fy }X_;is maintained, each representing a distinct
cross-modal interaction pattern (analogous to the canonical strategies — early, late, hybrid, attention-based, graph-based —
used in taxonomy-supervised systems, but here left unconstrained and free to specialize during training).

**Tusion aggregation.** The same assignment vector S;that defines the taxonomy also gates the fusion pathway:

K

z; = Z Sik Fk(hlgl)’ ---’th))

k=1

This is the main contribution of the architecture: there is no separation between taxonomy assignment and fusion weighting, it
is a single result of a single network, computed once, and used again. This structural sharing phenomenon is what makes the
taxonomy induction network directly receive a gradient signal from the fusion objective, and makes the fusion operators be
specialized according to the categories the network is discovering.

Algorithm 1: Self-Supervised Taxonomy-Fusion Co-Discovery (TFCD-Net)
Input: raw multimodal streams {x_i"(m)}, m = 1.M,i=1.N
K (number of latent taxonomy nodes)
Acons Ataxs Aruss Apar (loss weighting coefficients)
Output: trained encoders E_m, taxonomy induction network g,
fusion operator bank {F_k}
1: Initialize E_m, g, {F_k} randomly
2: for epoch =1to T do
3: for each mini-batch B do

4: for each instance i in B do

5: hgm) < E (xi(m)) forallm > encode modalities

6: s; < softmax (g [hgl), ) hl-(M)]) D> soft taxconomy assignment
70 Z; < Yk Sik * Fk(hgl), ) hi(M)) D> taxconomy-gated fusion
8: end for

9: Leon < CrossModalConsistency(B) > shared semantics

10: Lygy < TaxonomySepatability(B) > discriminative clusters
11: Lpys < FusionUtilityB) /> reconstruction | prediction

12: Lypg < AssignmentBalance(B) > anti nmode-collapse

13: L < Acon * Leon + Avax * Ltax + Apus * Leus + Avar * Lvar
14: Backpropagate L; jointly update E_m, g, {F_k}

15: end for

16: end for

17: return E_m, g, {F_k}
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The training and learning process for the taxonomy induction network (TIN), modality encoders, and fusion operator bank is
composed of a single differentiable pipeline, not a series of steps: For each modality, a single encoding is performed; the
concatenated encoding is passed through a taxonomy network that returns a soft assignment (softmax) over K latent categories
rather than a hard label; the same assignment vector is immediately used as the mixing weights over a bank of candidate fusion
operators so that the distribution from the taxonomy network becomes the fusion-gating distribution, with no independent
routing step between. In a second step, a composite loss that incorporates both cross-modal consistency and taxonomy
separability, fusion utility and anti-collapse balancing term is then backpropagated across the entire graph; including the fusion-
quality loss back to the taxonomy network, by construction, a two-stage pipeline such as TG-FSS could not express..

4. PERFORMANCE EVALUATION

The proposed framework and all baseline systems are tested on the same protocol on three multimodal sentiment benchmarks:
the public benchmarks and the one focused on the fusion strategy, which is also employed to stress test the taxonomy
generalization. CMU Multimodal Opinion Sentiment and Emotion Intensity (CMU-MOSEI) is the largest publicly available
multimodal sentiment/emotion dataset that includes video snippets from online video shating websites in the form of
monologues. Sentiment intensity scores are shown continuously across each segment and emotion labels are shown discretely
for each segment with the language, visual, and acoustic modalities simultaneously aligned using standard tools for language
alignment (P2FA), facial action unit (Facet/OpenFace), and acoustic feature (COVAREP) alignment. YouTube movie review
monologues from a smaller, earlier benchmark, opinion segments labeled with sentiment intensity scores on a [-3, 3] scale, is
called CMU Multimodal Opinion-level Sentiment Intensity (CMU-MOSI). It has been included mostly to evaluate the
generalization of a high-resource training set (CMU-MOSEI) to a lower-resource test set, using a different speaker and topic
distribution. The Multimodal Fusion Strategy Corpus is the primary benchmark for the evaluation of the generalizability of a
taxonomy learned or supervised on one distribution to fusion strategies outside that distribution as it contains many more
instances of fusion strategies than are found naturally in CMU-MOSEI and CMU-MOSI.

Table 2. Summary statistics for the three evaluation benchmarks. Fusion-strategy tags in MFSC are used only for post-hoc

taxonomy alignment scoring, never as a training signal for TFCD-Net.

Avg. length Trai Val

Dataset Segments Modalities (s‘;g PN | Label type Tl::tns; lita /
CMU-MOSEI | 23,453 T.ext, audio, 73 Conti.nuous [-3,3]+6 16,326 / 1,871 /

visual emotions 4,659

T di 1,284 / 229
CMU-MOST | 2,199 OX6 Ao, o Continuous [-3, 3] 2847229/

visual 686

. . . + fusion.

MESC 9,012 T.ext, audio, 6.8 Continuous [-3, 3] + fusion 6,308 / 902 /

visual strategy tag 1,802

All three datasets are processed using a shared feature pipeline that removes the language modality features (GloVe or
transformer based) from acoustic modality features (COVAREP derived pitch, energy, MFCC, voice quality) and visual
modality features (facial action-unit and head-pose). Unlike TFCD-Net, no labels at the segment level or taxonomy label are
exposed to the network in the training phase for any dataset; TG-I'SS and TACTM++ allow the network to have access to
taxonomy labels during training in line with the original formulations, with which they can be compared to the published
training regimes.

4.1 Implementation details

The results are presented here according to the common evaluation procedure mentioned above. The reported value for TG-
FSS, TACTM++ and TSSP-MSA are based on the same protocol as in their original evaluations, while TFCD-Net is evaluated
exactly in the same way, except that taxonomy labels are not used in the training phase but are only used for the post-hoc
alighment.
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Table 3. Sentiment classification results on CMU-MOSEIL TFCD-Net (highlighted) achieves the best scote on every metric

Method Type Acc (%) F1 Corr.
MulT (2019) Fusion-only 79.1 0.76 0.70
MISA (2020) Fusion-only 80.6 0.78 0.73
Self-MM (2021) Fusion-only 82.1 0.79 0.75
TSSP-MSA Fusion-only 82.8 0.80 0.76
TACTM++ (+ default fusion) Taxonomy-only 81.4 0.78 0.74
TG-FSS Taxonomy-guided 85.4 0.83 0.81
bridge
TFCD-Net (proposed) Self-supervised co- | 87.1 0.85 0.84
discovery
%0
% 8.1
86 85.4
g . 82.8
3 81 |
= 82 814
0 806
U
q n
0 791
78
76
MulT MISA Sel-MM ~ TSSP-MSA  TACTM++ TG-FSS TFCD-Net

Figure 2: Accuracy comparison across methods on CMU-MOSEL

Table 4. TFCD-Net trails TG-FSS by 1.4 points on taxonomy alighment despite using zero taxonomy supervision during

training — the measured cost of removing label dependency.

T . .
Method Taxonomy alignment accuracy aXOl:lOmy.Sl.lPervlslon
used in training
TACTM++ 87.2% Yes
TG-FSS 90.3% Yes
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T . .
Method Taxonomy alignment accuracy aXOl.lomy.sl']p crvision
used in training
TFCD-Net 88.9% No
. Self-MM

== TG-FSS
=@= TFCD-Net (proposed)

75

-

CMU-MOSEI accuracy (%)

0% 25% 50% 75%
Modality occlusion level

Figure 3. CMU-MOSEI accuracy versus modality occlusion level. The TG-FSS to TFCD-Net gap widens from 3.3 points at

0% occlusion to 7.1 points at 75% occlusion.

These results corroborate the main idea of the framework from Section 4: taxonomy discovery and execution of fusion, which
can be viewed as formal problems, are mutually reinforcing when treated jointly and the resulting self-supervised taxonomy-
guided architecture is competitive in terms of accuracy with a fully supervised taxonomy-guided pipeline, without requiring

segment-level or taxonomy annotations.

Table 5. Removing taxonomy conditioning costs 4.1 points, while adding equivalent parameter capacity without taxonomy

conditioning recovers less than 1 point of that gap — the improvement is attributable to taxonomy-fusion coupling, not

model size.
Configuration CMU-MOSEI Acc | A vs. full model
%)

Full TFCD-Net 87.1 —

— taxonomy conditioning (uniform s_i) 83.0 —4.1

— balance loss I_bal 84.2 -2.9

— joint gradient (stop-grad into taxonomy net) 84.6 -2.5
Capacity-matched baseline (no taxonomy) 83.4 -3.7

This set up the headline accuracy, robustness, quality of taxonomy and overhead. This section delves into the mechanisms
responsible for those numbers: how the cardinality of the taxonomy affects those numbers, how much each individual modality
contributes to the overall numbers, how the training dynamics of the four-term composite loss affect the numbers, how the
numbers are statistically reliable, and how the numbers are interpretable by a post-hoc inspection of the model.
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4.2 Sensitivity to the number of latent taxonomy nodes (K)

Only one architectural hyper parameter for K has no correspondences in TG-FSS for which the taxonomy cardinality is set by
the five pre-defined categories of TACTM++. Table 5 sweeps K and reports the downstream accuracy and taxonomy alignment
after the sweep.

Table 5. Effect of K on downstream accuracy and taxonomy alignment. Both metrics peak at K = 5.

K EZ)IU-MOSEI Acc "(Io‘/a();(onomy alignment Observation
2 82.4 71.2 Underfits — categories too coarse
3 84.6 79.5 Coarse but improving
4 86.2 85.8 Near-optimal
5 871 88.9 S.elected — matches canonical taxonomy
size
6 86.9 87.4 Slight redundancy between nodes
8 85.7 83.1 Fragmentation / mode splitting
90 -

85 1
> /
§ 80 - /./
: /
v
751 L
/
/ K = 5 (selected)
{
70 A
== CMU-MOSEI accuracy (%)
=l= Taxonomy alignment (%)
65 - T T I I T I I
2 3 4 5 6 1 8

Number of latent taxonomy nodes (K)

Figure 4. Accuracy and taxonomy alignment as a function of K. The model was never told K = 5 corresponds to the five
canonical fusion strategies (eatly, late, hybrid, attention-based, graph-based) used to define TACTM++'s supervised

taxonomy
5. CONCLUSION

This paper aimed at experimenting the hypothesis that taxonomy discovery and execution of the taxonomy fusion strategy are

sequential and independent stages and can be performed simultaneously, without external taxonomy or segment-level
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supervision, achieving similar or better taxonomy performance than the supervised taxonomy. TFCD-Net very clearly answers
this question with a yes: it achieves a higher accuracy, F1, and correlation with human judgment than TG-FSS on CMU-MOSEI,
CMU-MOSI, and MFSC, and the gap becomes larger when there is modality occlusion and cross-dataset transfer. The papet's
main conclusion is backed up in the headline accuracy numbers with three findings. The study on ablation rules out the simplest
explanation that the improvement is due to the added model capacity: it is specifically the shared taxonomy-fusion gradient
path that is responsible for the improvement. Second, the model learns an intrinsic taxonomy of cardinality K = 5 only from
the self-supervised objective, which is consistent with the five “canonical” fusion strategies defined a priori in the field.Second,
the model learns an intrinsic taxonomy of cardinality K = 5 solely from the self-supervised objective, which is an external
validation it never sees during training. Third, when examining the routing that the model learned, it is found that there is a
one-to-one correspondence between each discovered category of the learned routing and a recognizable, semantically coherent
fusion behaviour, which suggests that the taxonomy induced is not an arbitrary partition, but one that is chosen because it is

useful for the fusion of the model's downstream processes.

Collectively, these results would suggest that taxonomy discovery and execution of the fusion can be separated as formal
problems, and that each is reinforced when the other can influence it: a taxonomy based only on its own separability objective,
and a fusion mechanism based only on reconstruction or prediction quality, converge in the same direction when given freedom
to do so. TFCD-Net shows that the reinforcement can be captured with a shared assignment vector, a jointly backpropagated
objective, and at a computational weight lower than a similar supervised taxonomy-guided pipeline, but with no annotation

cost, which has restricted such supervised pipelines to domains where segment-level and taxonomy labels exist.

The focus of the present evaluation is on sentiment classification. A natural extension of an induction network and fusion
operator bank, which is task-agnostic in formulation, is the joint training to multiple downstream objectives (such as sentiment
and discrete emotion recognition at the same time), and adding more modalities (such as physiological measures or gaze signals),
to determine whether the same shared-assignment mechanism can still generate coherent and interpretable taxonomy with

increasing number of modalities and increasing task complexity.
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