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Abstract

Although multimodal fusion has made significant progress,
its advancement is severely hindered by the lack of adequate
evaluation benchmarks. Current fusion methods are typically
evaluated on a small selection of public datasets, a limited
scope that inadequately represents the complexity and di-
versity of real-world scenarios, potentially leading to biased
evaluations. This issue presents a twofold challenge. On one
hand, models may overfit to the biases of specific datasets,
hindering their generalization to broader practical applica-
tions. On the other hand, the absence of a unified evaluation
standard makes fair and objective comparisons between dif-
ferent fusion methods difficult. Consequently, a truly univer-
sal and high-performance fusion model has yet to emerge.
To address these challenges, we have developed a large-
scale, domain-adaptive benchmark for multimodal evalua-
tion. This benchmark integrates over 30 datasets, encompass-
ing 15 modalities and 20 predictive tasks across key applica-
tion domains. To complement this, we have also developed
an open-source, unified, and automated evaluation pipeline
that includes standardized implementations of state-of-the-art
models and diverse fusion paradigms. Leveraging this plat-
form, we have conducted large-scale experiments, success-
fully establishing new performance baselines across multiple
tasks. This work provides the academic community with a
crucial platform for rigorous and reproducible assessment of
multimodal models, aiming to propel the field of multimodal
artificial intelligence to new heights.

Code — https://github.com/ravexly/MultiBenchplus
Extended version — https://arxiv.org/abs/2511.06452

1 Introduction

Multimodal data, such as text, images, and sensor sig-
nals, is driving the next generation of artificial intelligence.
Through a technique known as Multimodal Fusion, Al sys-
tems can integrate and understand information from these
diverse sources, achieving a more comprehensive, accurate,
and robust understanding than is possible with any single
source (BaltruSaitis, Ahuja, and Morency 2018; Xu, Zhu,
and Clifton 2023). This capability is a key driver for advanc-
ing Al to higher levels of intelligence and shows immense
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potential in fields like autonomous driving and medical di-
agnostics (Caesar et al. 2020; Azam et al. 2022).

However, a significant divergence exists between mul-
timodal research and other domains. While fields such as
natural language processing and graph learning have suc-
cessfully converged on dominant architectural paradigms,
specifically the Transformer and GNNs, the multimodal do-
main conspicuously lacks an equivalent unified, founda-
tional framework. Progress remains highly fragmented; re-
searchers typically validate new methods on a small, be-
spoke selection of classic datasets. This reliance on siloed
benchmarks is a key bottleneck. It not only leads to models
overfitting to specific data biases and prevents fair objective
comparisons, but more importantly, it has hindered the sys-
tematic search for a truly general-purpose fusion architec-
ture. Four years ago, the groundbreaking MULTIBENCH
(Liang et al. 2021) framework partially addressed this by
providing a unified evaluation platform. Yet, with the field’s
rapid evolution, its limitations are now apparent, and it is no
longer sufficient to meet today’s challenges.

The urgent need for a new foundational platform stems
from two primary trends. The first is the explosive growth in
data combinatorial complexity. Unlike unimodal tasks, real-
world applications in medical imaging, IoT, and autonomous
driving (Hu et al. 2023; Kong et al. 2011) span a vast, hetero-
geneous spectrum. This combinatorial effect, where differ-
ent data combinations can yield entirely different analytical
conclusions, means older, simpler benchmarks can no longer
demonstrate a model’s robustness or adaptability to real-
world complexity. The second trend is the rapid evolution of
fusion models, especially Transformer-based methods (Wei
et al. 2020; Wang et al. 2022; Xu, Zhu, and Clifton 2023).
Without a standardized, complex testbed, it is impossible
to determine if these new models are truly general-purpose
or simply adept at specific data combinations. Therefore, a
platform that forces models to confront this combinatorial
complexity has become essential to guide the search for a
foundational architecture.

To address key challenges in evaluating next-generation
multimodal fusion models, we introduce MULTI-
BENCH++, a new, large-scale benchmark. Instead of
being a simple incremental update, MULTIBENCH++
represents a significant leap forward in terms of scale,
domain diversity, and suitability for modern architectures.



Domain Dataset Modalities # Samples Prediction Task
Houston2013 {h,L} 14,999 Land Cover Classification
Houston2018 {h,L} 2,018,910 Land Cover Classification

Remote Sensing MUUFL Gulfport {h,L} 53,687 Land Cover Classification
Trento {h,L} 30,214 Land Cover Classification
Berlin {h, s} 464,671 Land Cover Classification
MDAS (Augsburg) {h, s} 78,294 Land Cover Classification
ForestNet {c,i,m} 2,757 Forest Type Mapping
TCGA-BRCA {01,02,03} 875 Survival Prediction, Subtype Classification
ROSMAP {01,09,03} 351 Disease Progression Prediction
SIIM-ISIC {i, M} 33,126 Malignant Tumor Classification

. Derm7pt i, M 1,011 Lesion Diagnosis Prediction

Medical Al GAMNII)A } fs O]}: 100 Glaucoma (g}rading
MIMIC-III {c,t} 36,212 Mortality Prediction
MIMIC-CXR {c,t} 372,147 Mortality Prediction, Multilabel Classification
elCU {c,t} 7,637 Mortality Prediction
TCGA {01,02,03} 306 Subtype classification, Tumor Malignancy Grading
MELD {a,t} 13,708 Emotion/Sentiment Recognition
IEMOCAP {a,v,t} 7,433 Emotion/Sentiment Recognition
MAMI {i,t} 11,000 Misogyny Content Detection
Memotion {i,t} 6,831 Offensive Content Detection

Affective Computing MUTE {z, t} 4,156 Hate Speech Detection

&Social Media MultiOFF {z, t} 743 Offensive Content Detection N

Understanding MET-Meme(C) {z., t} 2,299 Metaphor/Emogon/Intent Recogn}qon
MET-Meme(E) {i,t} 1,053 Metaphor/Emotion/Intent Recognition
CH-SIMS {a,v,t} 2,281 Sentiment Analysis
CH-SIMS v2.0 {a,v,t} 4,403 Sentiment Analysis
Twitter2015 {i,t 5,338 Multimodal Named Entity Recognition
Twitter1517 {i,t} 4,672 Multimodal Named Entity Recognition
MIRFLICKR {i,t} 20,015 Image Retrieval
CUB Image-Caption {i,t} 117,880 Fine-grained Classification
SUN-RGBD {i,d} 9,504 Scene Understanding, Object Detection
NYUDv2 {i,d} 1,863 Scene Understanding, Object Detection

Others UPMC-Food101 {i,t} 90,686 Food Recognition
MVSA-Single {i,t} 2,592 Sentiment Analysis
MNIST-SVHN {i,i} 660,680 Digit Recognition
N-MNIST+N-TIDIGITS  {e, i} 4,050 Digit Recognition
E-MNIST+EEG {i,k} 702 Digit Recognition

Table 1: MULTIBENCH++ offers a unified benchmark suite of 37 multimodal datasets spanning a wide spectrum of research
fields, data scales, input modalities( a: audio, c¢: clinical/tabular, d: depth/DSM, e: events/spiking, f: 2D fundus, g: GIS, h: HSI,
i: image, k: time-series, L: LiDAR, m: multispectral, M: metadata, o: multi-omics, O: 3D OCT, s: SAR, ¢: text, v: video, with
omics sub-typed as o;: mRNA, 0,: miRNA, 03: DNA), and downstream tasks.

Its core contributions are threefold: * An open-source framework for robust and reproducible

e Expanded scale and domain coverage. MULTI-
BENCH-++ brings together over 30 datasets, more than
doubling the size of its predecessor. More importantly,
it extends into highly complex and specialized domains,
including Remote Sensing, Healthcare, Affective Com-
puting, and Social Media Analysis. These domains
present unique data fusion challenges.

Designed for rigorous testing of advanced architectures.
Its datasets are carefully chosen for their high complex-
ity, rich interplay between modalities, and naturally oc-
curring missing data, creating a challenging test envi-
ronment. This design allows for rigorous testing of ad-
vanced, Transformer-based architectures and novel fu-
sion techniques.

Comparisons with Related Benchmarks.

evaluation. To ensure fair and rigorous scientific compar-
isons, MULTIBENCH++ includes a standardized, open-
source evaluation framework. This framework provides
standardized data splits, Robustness Probes, and a set of
strong baseline models that have been carefully tuned us-
ing Automated Hyperparameter Optimization. This in-
frastructure is designed to lower the barrier to entry for
researchers and ensure that future innovations can be re-
liably evaluated on a fair and consistent foundation.

2 Related Works
Multimodal

research has been driven by a series of influential bench-
marks. Foundational datasets for visual question answer-
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Figure 1: An overview of the MULTIBENCH++ framework, highlighting our core contributions. (Left) We introduce a broader
and deeper collection of datasets, significantly expanding into more specialized domains and data modalities. (Center) We
integrate more advanced fusion paradigms, including feature-level transformer-based fusion and decision-level fusion. (Right)
We provide an automated hyper-parameter tuning platform, powered by Optuna, to ensure robust and reproducible evaluation.

ing, such as VQA-v2 (Goyal et al. 2017), established large-
scale, open-ended visual reasoning as a core challenge. In
parallel, benchmarks for multimodal sentiment analysis and
emotion recognition, like CMU-MOSI (Zadeh et al. 2016)
and the larger CMU-MOSEI (Zadeh et al. 2018), provided
key testbeds for integrating language, visual, and acoustic
signals. To standardize evaluation across this growing land-
scape, frameworks like MULTIBENCH (Liang et al. 2021)
were introduced to offer a unified, reproducible testbed for
assessing model robustness across a diverse set of tasks.
Building on this principle, our work expands this suite
with 20 additional datasets, contributing to a broader trend
of comprehensive evaluation that also includes integrating
more competitive methods and developing automated tun-
ing platforms.

Other works introduce new domains, such as MM-GRAPH
(Zhu et al. 2025), which integrates visual features into
graph-based tasks, and Dyn-VQA (Li et al. 2024), which
tests dynamic question answering requiring multi-hop re-
trieval.

Multimodal Fusion. The core challenge in multimodal
learning is fusion: the effective combination of information
from different modalities. Classical approaches are catego-
rized by the architectural stage at which fusion occurs: early
(feature-level) fusion concatenates raw or low-level features
(Ramachandram and Taylor 2017; Atrey et al. 2010), while
late (decision-level) fusion combines outputs from modality-
specific models (Soleymani et al. 2017; Han et al. 2022;
Zhang et al. 2023). The advent of the Transformer has made
attention-based fusion the dominant paradigm (Xu, Zhu,
and Clifton 2023). These methods can be broadly classi-
fied as single-stream, where multimodal inputs are concate-
nated and processed by a unified encoder, or multi-stream,
which uses separate encoders for each modality followed
by cross-attention mechanisms to integrate information (Na-
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grani et al. 2021). Such architectures allow for nuanced,
dynamically-weighted integration of modal features. More
recent research also focuses on developing fusion techniques
that are robust to real-world challenges like noisy, incom-
plete, or imbalanced data (Zhang et al. 2024).

3 MULTIBENCH++ : A Broader & Deeper
Multimodal Benchmark

3.1 Background

Multimodal datasets differ in both the types of information
they provide and the ways that information is encoded. Re-
mote sensing archives couple spectral bands with LiDAR
point clouds, while electronic health records weave free-
text notes together with structured lab values and pathol-
ogy slides. Affective repositories, in turn, align video frames
to audio streams and wearable signals. These collections
are rarely designed for joint use, so their formats, resolu-
tions, and noise levels diverge. A benchmark must there-
fore expose models to this heterogeneity. As shown in Fig.
1, MULTIBENCH++ addresses the current evaluation gap
by collecting over thirty datasets drawn from highly special-
ized domains including remote sensing, healthcare, affec-
tive computing and social media. These specialized domains
are not arbitrary. They represent critical frontiers where
multimodal integration is pivotal for scientific and societal
progress. The inclusion of such a wide array of data sources
ensures that the benchmark rigorously tests a model’s abil-
ity to generalize across fundamentally different data struc-
tures and noise profiles, moving beyond single-domain eval-
uations.

3.2 Datasets

Remote Sensing for Environmental Intelligence The
remote-sensing domain for environmental intelligence tack-



Algorithm 1: End-to-End Workflow with Optuna.

1 # 1. Load data and define models

2 train_loader, val_loader, test_loader, n_classes = get_loader ()
3 encoders = [ModalitylEncoder (args), Modality2Encoder (args) ]

4 fusion = TMC(n_classes)

5 head = get_head(n_classes, decision=True)

6 # 2. Define a minimal objective function

7 def objective(trial):

8 # Suggest hyperparameters

9 params = {’1lr’: trial.suggest_loguniform(’lr’, le-5, 1le-3), .}
10 # Train a model and return its validation accuracy

11 val_accuracy = train(encoders, fusion, head, params, ...)
12 return val_accuracy

13 # 3. Run the hyperparameter search

14 study = optuna.create_study (direction="maximize’)

15 study.optimize (objective, n_trials=10)

16 # 4. Get the best parameters and build the final model

17 final_model = build_model (study.best_trial.number)

18 # 5. Evaluate the final, optimized model

19 test_accuracy = test (final_model, test_loader)

les land-cover classification, target detection, spectral un-
mixing, and related tasks by fusing data whose physi-
cal origins differ fundamentally. Optical and hyperspec-
tral systems capture surface chemistry yet remain weather-
dependent; SAR measures microwave backscatter day-and-
night; LiDAR delivers centimetre-level topography and
canopy structure. Integrating these streams requires recon-
ciling disparate spatial resolutions, geometries, and noise
statistics. Foundational datasets establish this task-oriented
landscape. Houston2013 and Houston2018 (Debes et al.
2014; Xu et al. 2018) combine hyperspectral imagery with
LiDAR for urban land-cover classification. MUUFL Gulf-
port (Gader et al. 2013) adds co-registered hyperspectral
and LiDAR data over a university campus for classifica-
tion and rare-target detection. Trento (University of Trento
2022) provides a rural counterpart with hyperspectral and
LiDAR. Berlin (Okujeni, van der Linden, and Hostert 2016)
fuses PolSAR and hyperspectral data, while ForestNet (Irvin
et al. 2020) couples satellite imagery and airborne LiDAR
for forest-type and biomass mapping. The recent MDAS
dataset (Hu et al. 2023) enriches the benchmark suite with
simultaneous SAR, multispectral, hyperspectral, DSM, and
GIS layers, supporting resolution enhancement, unmixing,
and classification. Together, these datasets constitute a sys-
tematic test-bed for advancing theoretically grounded and
practically robust environmental-intelligence algorithms.

Medical AI for Diagnostics and Prognosis The medical-
intelligence domain addresses survival prediction, malig-
nancy classification, disease-progression modelling and re-
lated tasks by fusing exceptionally heterogeneous data
streams. Gigapixel whole-slide images quantify tissue mor-
phology; high-dimensional omics profiles capture molecu-
lar aberrations; dense time-series vital signs and concise
clinical narratives encode patient trajectories. Integrating
these modalities demands reconciling extreme differences
in resolution, scale and noise, while preserving clinical in-
terpretability. Benchmark datasets anchor this landscape.
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TCGA-BRCA (Weinstein et al. 2013) couples WSIs with
multi-omics for breast-cancer survival and subtype analy-
sis. ROSMAP (Bennett et al. 2018) supplies longitudinal
multi-omics and pathology to chart Alzheimer progression.
In dermatology, SIIM-ISIC (Rotemberg et al. 2021) and
Derm7pt (Kawahara et al. 2018) pair dermoscopic images
with patient metadata for melanoma detection. GAMMA
(Wu et al. 2023) fuses 2D fundus photographs with 3D OCT
volumes for glaucoma grading and optic-disc/cup segmenta-
tion. MIMIC-III (Johnson et al. 2016), MIMIC-CXR (John-
son et al. 2019) and eICU (Pollard et al. 2018) deliver large-
scale ICU time series merged with static clinical records to
support mortality prediction and disease-code classification.

Affective Computing and Social Media Understanding
The Affective Computing domain addresses emotion recog-
nition, sarcasm detection, sentiment analysis and related
high-level tasks by fusing text, acoustic, visual and cultural
cues that are frequently incongruent or metaphorical. Dyadic
and multi-party conversations introduce temporal alignment
challenges, while internet memes overlay visual symbols
with rapidly shifting socio-cultural contexts. Effective inte-
gration demands models that can resolve cross-modal sar-
casm, capture long-range conversational flow and remain
sensitive to cultural nuance. Benchmark datasets collec-
tively span these phenomena. MELD (Poria et al. 2019) and
IEMOCAP (Busso et al. 2008) provide temporally aligned
audio, video and transcriptions for multi-party and dyadic
emotion recognition. MUTE (Hossain, Sharif, and Hoque
2022) extends the conversational setting to multilingual sce-
narios. MAMI (Fersini et al. 2022), MultiOFF (Suryawanshi
et al. 2020), Memotion (Sharma et al. 2020) and MET-Meme
(Xu et al. 2022) (Chinese & English versions) jointly encode
images and text for the detection of misogynistic, offensive
and metaphorical content in memes. CH-SIMS (Yu et al.
2020) and its successor CH-SIMS v2.0 (Liu et al. 2022) de-
liver fine-grained Chinese multimodal sentiment annotations
with explicit modality-importance scores. Twitter2015 and



Twitter1517 (Zhang et al. 2018; Lu et al. 2018; Chen et al.
2023) close the loop with classic social-media tasks, linking
text and images for named-entity recognition and sentiment
polarity prediction.

Others This domain addresses image—text retrieval, fine-
grained classification, digit recognition, scene understand-
ing and related tasks by fusing heterogeneous yet tightly
aligned modalities. Integrating vision with language, depth,
audio or event streams demands reconciling distinct resolu-
tions, sampling rates and noise distributions while preserv-
ing interpretability. Benchmark datasets anchor this land-
scape. MIRFLICKR-25K (Huiskes and Lew 2008) cou-
ples images with user tags for large-scale retrieval. MVSA-
Single (Niu et al. 2016) supplies tweet images and text for
visual-sentiment classification. CUB Image-Caption (Shi
et al. 2019) pairs bird photographs with textual descrip-
tions for fine-grained classification, while MNIST-SVHN
(Shi et al. 2019) aligns handwritten and street-view dig-
its across domains. SUN-RGBD (Song, Lichtenberg, and
Xiao 2015) and NYUDv2 (Silberman et al. 2012) provide
RGB-depth pairs for scene understanding and object detec-
tion, and UPMC-Food101 (Wang et al. 2015) fuses food im-
ages with recipe text for cross-modal recognition. Follow-
ing Lin et al. (2025), we further combine N-MNIST+N-
TIDIGITS (Orchard et al. 2015; Anumula et al. 2018) to
synchronise frame-based and event-based vision with spo-
ken digits, and E-MNIST+EEG (Cohen et al. 2017; Willett
et al. 2021) to link character images with electroencephalog-
raphy signals for cognitive-state-aware digit recognition.

3.3 Evaluation Protocol

We follow MULTIBENCH’s holistic evaluation with only
minor adjustments. For every dataset and method, we re-
port performance on the test fold using task-specific metrics
(e.g., accuracy, macro-F1, AUPRC, or MSE). Each run is
performed 3 times using different random seeds, all under
the same hardware configuration.

4 MULTIBENCH++ Algorithms: More
Advanced Fusion Paradigms

We introduce a complete, end-to-end framework for system-
atic multimodal evaluation. The framework is built around
two classes of fusion methodologies: four Transformer-
centric paradigms to model complex cross-modal interac-
tions, and two modules for efficient decision-level logits fu-
sion. To enable robust and reproducible experimentation, we
further develop an automated hyperparameter optimization
engine based on Optuna (Akiba et al. 2019). This engine fa-
cilitates a systematic exploration and optimization, allowing
for an efficient identification of optimal configurations.

4.1 Transformer-Based Feature Fusion
Architectures

We evaluate several Transformer-based architectures for
multimodal feature fusion. Each model is designed to accept
a set of modality-specific input tensors {x;}¥_, and produce
a unified representation vector g.
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Hierarchical Attention (Multi-to-One) This model first
encodes each modality independently using a shallow,
modality-specific Transformer encoder &;. The resulting
classification tokens are then concatenated and processed by
a deeper, shared fusion encoder & to model high-level in-
teractions (Li et al. 2021).

zi =T (E:(Pi(:)))

9 =T (Euse([215 225 - - -5 21]))
where ®; is a 1D convolution and 7 (-) is an operator that
selects the classification token’s embedding.

Hierarchical Attention (One-to-Multi) Conversely, this
architecture first models cross-modal interactions before re-
fining modality-specific features. All inputs are projected by
a linear layer W; and concatenated into a single sequence.
This joint sequence is processed by a shared encoder Egpyred-
The output sequence is then split into its original modality-
specific segments, each of which is passed through a final
dedicated encoder &; (Lin et al. 2020).

h = gshared([qjl(xl); cees \I}k(l'k)])
[h17 ceey hk} = Split(h)
g=[T(E(h));. s T (Ex(hr))]

Cross-Attention Fusion (CAF) CAF facilitates direct,
dense interaction between pairs of modalities. For a bimodal
case (x1, r2), each modality’s sequence is used to generate
queries that attend to the keys and values of the other modal-
ity (Lu et al. 2019).

212 = MultiHead (Vo (1), Y i (22), Yy (22))
22«1 = MultiHead(V o (z2), Y (21), Yy (21))
g= [T(Zle2)§ T(Z2e1)]

where Wq, Uy, Uy, are modality-specific linear projection
layers.

Cross-Attention Concatenation Fusion (CACF) CACF
extends CAF by incorporating an additional global rea-
soning step (Zhan et al. 2021; Tsai et al. 2019). The
cross-attended representations (21 s, 221) are concate-
nated with initial linear projections of the original inputs
(x;, = U;(x;)). This combined sequence is then processed
by a final global Transformer encoder Egiobal -

f= [$/1;Zl<—2;$/2322<—1]
9="T (Egtovar (f))

Hybrid Logit Fusion Methods

We also implement two representative methods that operate
directly on the output logits {¢;}*_, from modality-specific
classifiers. Other methods can also be easily and quickly in-
corporated into our proposed benchmark.

Logit Summation (LS) This is the most direct parameter-
free method for logit fusion. It operates under the assump-
tion that each modality contributes equally to the final pre-
diction. The logit vectors from all modality-specific classi-
fiers are simply summed to produce the final fused logits:

k
éfused = Zizl Ez



Dataset Concat TF Concat LFT EFT Multi-  One-to- CAF CACF LS T™C
Early to-One Multi
Houston2013 75.68 76.53 75.95 60.54 24.68 78.54 79.22 74.92 83.32 79.43 79.12
Houston2018 70.99 74.46 70.07 63.41 35.00 76.52 70.89 68.71 77.66 80.52 77.33
MUUFL Gulfport ~ 84.21 83.90 86.26 71.77 46.68 80.95 81.23 83.99 86.42 86.64 83.20
Trento 98.43 96.95 98.14 95.68 71.64 97.71 96.08 97.74 98.68 98.53 97.67
Berlin 68.25 70.22 72.53 61.72 60.74 73.75 71.22 76.31 77.42 78.61 77.67
Augsburg 89.24 85.86 89.50 82.88 57.29 85.86 86.80 87.92 89.05 89.49 87.21
ForestNet 45.18 45.63 45.68 47.19 44.33 45.78 45.58 45.03 45.93 46.08 45.68
Table 2: Performance on Remote Sensing Datasets.
Dataset Concat TF Concat LFT EFT Multi-  One-to- CAF CACF LS TMC
Early to-One Multi

TCGA-BRCA 78.17 77.18 77.18 69.44 65.67 76.79 76.19 78.77 78.37 77.18 75.40
ROSMAP 70.95 75.71 70.00 42.86 69.52 69.52 68.10 66.67 71.90 71.43 66.67
SIIM-ISIC 97.86 97.77 97.86 97.83 97.85 97.85 97.83 97.86 97.83 97.83 97.85
Derm7pt 45.49 52.72 4541 43.96 38.86 45.92 46.77 48.13 52.72 46.34 52.72
GAMMA 61.43 62.86 63.81 62.38 59.05 57.62 65.71 63.33 63.33 62.38 61.43
MIMIC-III 68.09 68.81 68.48 68.42 68.59 69.01 68.76 68.51 68.88 68.47 68.87
elCU 90.05 90.03 90.05 90.05 90.05 90.05 90.05 90.07 90.05 90.05 90.03
TCGA 51.91 - 53.55 60.66 51.37 60.11 53.01 56.28 61.75 54.10 62.84
MIMIC-CXR (macro-F1)  0.6861 0.8458 0.6788 0.1551 0.1829 0.5229 0.4031 0.6136 0.7523 0.7644 -

Table 3: Performance on Medical Al Datasets. The dash “-” indicates the method is not applicable to this dataset.

Evidential Fusion (TMC) This method, based on eviden-
tial deep learning, transforms logits into evidence parame-
ters «; for a Dirichlet distribution (Han et al. 2022). This
allows for explicit uncertainty quantification. The evidence
from each modality is then fused using Dempster’s rule of
combination.

k
o = Softplus(ﬂi) + 1, Ofused = @ o7}
=1

Here, € denotes the Dempster-Shafer combination opera-
tor. The final class probabilities are derived from the fused
evidence vector Ofysed-

4.2 Automated Hyper-Parameter Tuning with
Optuna

MULTIBENCH-++ radically simplifies hyper-parameter tun-
ing by using Optuna, eliminating traditional, GPU-heavy
grid searches. A single objective (trial) callback ef-
ficiently handles the entire process, including:

* Dynamic search-space definition

* Module re-instantiation

* Early-stopping pruning

* Best checkpoint storage
This automated approach drastically cuts tuning time and re-
sources, significantly boosting efficiency and performance.
Search-Space Specification For every trial, Optuna inde-
pendently samples

* learning rate log/(1075,1073),

* weight decay log/(107,1072),

* optimizer type € {AdamW, RMSprop, Adam}.
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Thus, the joint space spans three orders of magnitude in
learning dynamics and two architectural regimes, while re-
maining compact for efficient Bayesian optimisation.

End-to-End Workflow Algorithm 1 demonstrates the
end-to-end workflow. After retrieving a dataset via the un-
changed data loader, one may substitute any of the pre-
sented Transformer fusion modules or logits-level com-
biners; the Optuna wrapper then orchestrates the hyper-
parameter search and returns a trained model, which is sub-
sequently evaluated under the standard protocol.

5 Experiment and Discussion
5.1 Setup

Using MULTIBENCH++, we load each of the expanded
datasets and systematically evaluate the multimodal ap-
proaches in our MULTIBENCH++ Algorithms mentioned
in Sec. 4: We maintain a consistent experimental setup, vary-
ing only the method while keeping all other factors constant,
including the training loop and data preprocessing steps.
This approach ensures that observed differences in perfor-
mance can be directly attributed to the fusion method under
evaluation.

We compare our method with several classic baseline ap-
proaches previously proposed, including Concat, TensorFu-
sion (TF), ConcatEarly, LateFusionTransformer (LF T), Ear-
lyFusionTransformer (EFT) (Liang et al. 2021).

5.2 Overall performance

The performance metrics across diverse datasets highlight
the nuanced effectiveness of different fusion strategies. As
shown in Tables 2 to 5, we have the following observations:
(i) Our algorithms (CAF, CACF, Logit Summation,



Dataset Concat TF Concat LFT EFT Multi-  One-to- CAF CACF LS T™MC
Early to-One Multi

MELD 61.34 65.66 62.73 47.77 57.92 66.37 64.02 65.54 62.22 61.60 65.56
IEMOCAP 54.96 54.59 54.82 32.64 48.14 54.49 54.16 54.26 55.06 54.30 51.22
MAMI 70.00 66.47 66.13 67.87 66.63 68.97 64.50 65.40 67.23 67.80 69.73
Memotion 77.89 77.75 78.14 78.09 78.09 78.09 78.09 78.14 78.09 78.19 78.09
MUTE 67.87 67.31 66.59 65.63 68.19 66.03 66.99 65.87 67.07 67.95 68.67
MultiOFF 56.95 59.86 55.38 57.76 59.11 54.38 59.33 59.76 62.03 54.16 60.01
MET-Meme(C) 35.67 34.87 36.92 29.68 24.12 33.55 35.09 32.89 36.62 34.94 33.85
MET-Meme(E) 42.95 42.47 41.83 32.69 29.81 44.23 39.74 40.38 41.03 43.11 42.47
Twitter2015 76.05 76.37 75.76 63.39 68.05 74.12 70.40 75.31 75.70 75.86 64.45
Twitter1517 76.83 76.72 76.68 76.76 76.68 76.29 76.72 76.54 75.97 76.15 76.86
CHSIMS(MSE) 0.4835 0.7431 0.4790 0.4775 0.4804 0.4772 0.4836 0.4794 0.4824 0.4898 -

CHSIMS-v2(MSE)  0.3202 0.3566 0.3338 0.3214 0.3391 0.3351 0.3448 0.2801 0.3361 0.3360 -

Table 4: Performance on Affective Computing & Social Media Understanding Datasets. The dash “-” indicates the method is

not applicable to this dataset.

Dataset Concat TF Concat LFT EFT Multi-  One-to- CAF CACF LS T™MC
Early to-One Multi
MIRFLICKR 62.81 62.33 62.42 50.25 38.02 58.44 59.95 59.13 62.51 62.45 62.00
CUB Image-Caption 77.90 76.26 78.04 2.89 1.81 71.90 69.19 21.09 73.95 79.48 77.73
SUN-RGBD 60.28 59.43 60.83 4522 31.61 53.52 56.97 53.53 58.14 60.78 59.00
NYUDv2 59.02 61.47 58.82 47.96 31.70 59.58 63.20 60.55 64.02 66.87 66.16
UPMC-Food101 91.95 92.04 91.80 83.76 8.75 86.04 88.80 86.89 90.12 91.66 92.02
MVSA-Single 79.83 78.36 78.29 68.40 63.39 79.32 77.78 79.51 78.03 79.25 67.50
MNIST-SVHN 96.41 96.64 96.42 62.11 93.06 95.45 93.47 95.35 96.45 96.46 96.95
N-MNIST+N-TIDIGITS 94.99 94.28 95.26 80.99 30.45 93.52 94.34 94.06 95.26 94.88 94.23
E-MNIST+EEG 58.72 58.21 61.28 17.69 7.95 42.56 30.51 49.74 59.49 62.05 57.69

Table 5: Performance on Other Datasets.

TMC, One-to-Multi, Multi-to-One) yield the
highest accuracy on 26 of 37 datasets, routinely beating
plain concatenation. (ii) Early fusion like Concat and TF
collapses on weakly-aligned modalities, yet shows no gain
on saturated tasks (SIIM-ISIC, eICU). (iii) CACF tops six
benchmarks, confirming its broad efficacy.

Not surprisingly, the marginal utility of advanced fusion is
strictly positive when and only when cross-modal redun-
dancy is low; otherwise, naive concatenation attains near-
optimal performance once any single modality approaches
the task ceiling. Full results are provided in the appendix.

5.3 Data Complexity as a Model Selector

An analysis of the performance metrics in the Tables 2
to 5 reveals that data complexity is a critical factor for
model selection. Taking Table 2 as an example, on the low-
complexity Trento dataset, a simple model like Concat
(98.43) is highly effective and performs nearly as well as the
top model, CACF (98.68), indicating that increased model
complexity provides little benefit. Conversely, for a high-
complexity dataset like Berlin, there’s a vast performance
gap; simple models fail (Concat at 68.25) while sophisti-
cated models like LS (78.61) and TMC (77.67) are essen-
tial for achieving high accuracy. This proves that the op-
timal model choice is not universal; it is dictated by the
dataset’s inherent complexity, requiring simple models for
simple data and advanced architectures for complex data.
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6 Future Work and Conclusion

Multimodal fusion’s future hinges on two challenges:
datasets lack fine-grained alignment for real validity, and
models remain fragmented and unscalable. The path forward
requires creating datasets with deeper structural correspon-
dences while developing unified, theoretically-grounded fu-
sion frameworks. Ultimately, this evolution must extend to
the evaluation process itself, shifting from simple tuning to-
wards ethics-aware meta-learning where fairness and robust-
ness are primary objectives.

In conclusion, we present MULTIBENCH++, a rigorously-
curated, open-source benchmark that unites 30+ datasets
across 15+ modalities and 20+ tasks across specialized do-
mains. Coupled with auto-tuned Transformer and hybrid-
logit baselines, it gives researchers a fair testbed to compare
new fusion models, making results easier to reproduce and
closer to real-world use.
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