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1 Supplementary Tables 19 

1.1 Text-Audio Fusion Experiments 20 

We conducted a comprehensive analysis of text-audio fusion using BERT1 and Wav2Vec22 21 
models on the IEMOCAP benchmark dataset for multimodal emotion recognition3. 22 

To elucidate the contribution of individual layers to task performance, we evaluated each layer 23 
of BERT and Wav2Vec2 in isolation. Our results revealed two key trends: (i) the performance of 24 
both models does not consistently improve with increasing layer depth, suggesting a non-25 
monotonic relationship between layer depth and task performance; and (ii) the performance trends 26 
across layers diverge between the two models, underscoring the importance of considering cross-27 
modal heterogeneity in multilayer models. These findings highlight the complex, nonlinear nature 28 
of hierarchical representation learning in multilayer models and underscore the need for careful 29 
consideration of layer-wise contributions in multimodal fusion tasks. 30 

Supplementary Table S1 | Single-layer characterization performance (Evaluation Index: 31 
Accuracy (ACC)) 32 

Layer BERT (%) Wav2Vec2 (%) 

12 69.8 68.3 
11 69.1 67.6 
10 67.4 66.7 
9 65.1 65.0 
8 61.2 62.4 
7 62.0 59.4 
6 61.8 54.0 
5 61.2 51.0 
4 60.2 48.3 
3 58.7 45.8 
2 52.5 46.1 
1 44.0 43.4 

 33 
In single-layer fusion experiments, we investigated the impact of fusion direction on task 34 

performance by conducting two complementary sets of experiments: (i) fusing the final layer of 35 
BERT with each layer of Wav2Vec2, and (ii) reversing the fusion direction as a control, where 36 
each layer of Wav2Vec2 was fused with the final layer of BERT. The results reveal a striking 37 
asymmetry in the fusion paradigm, with the optimal fusion pair differing significantly depending 38 
on the direction of fusion. Notably, these findings suggest that the best-performing layers in 39 
unimodal experiments do not necessarily form the optimal fusion pair in the multimodal setting. 40 
Instead, our results highlight the importance of carefully curating fusion pairs to account for the 41 
inherent heterogeneity between individual modalities. This heterogeneity underscores the need for 42 
a more nuanced approach to multimodal fusion, one that considers the complex interactions and 43 
dependencies between different modalities. 44 

Supplementary Table S2 | Fusion heterogeneity evaluation (Evaluation Metric: Unweighted 45 
Average (UA)) 46 

BERT Layer Wav2Vec2 Layer UA 
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12 

12 76.06% 
11 75.57% 
10 75.05% 
9 76.47% 
8 76.57% 
7 74.45% 
6 75.26% 
5 74.53% 
4 74.84% 
3 73.54%  
2 73.54%  
1 72.54% 

Wav2Vec2 Layer BERT Layer UA 

12 

12 76.06% 
11 75.27% 
10 74.85% 
9 70.47% 
8 68.77% 
7 68.37% 
6 67.45% 
5 67.26% 
4 67.53% 
3 67.05%  
2 67.84%  
1 67.39% 

 47 
1.2 Audio-Video Fusion Experiments 48 

We conducted a comprehensive analysis of audio-video fusion using Wav2Vec22 and 49 
TimeSformer4 models on the AVE (Audio Visual Event Localization) dataset in the temporal 50 
localization tasks5. 51 

To elucidate the contribution of individual layers to task performance, we evaluated the 52 
performance of each layer in Wav2Vec2 and TimeSformer separately (Supplementary Table S3). 53 
Our results reinforce the paradigm of dual cross-modal heterogeneity observed in our previous 54 
text-audio fusion experiments (Supplementary Table S1), highlighting the complexity of 55 
multimodal representation learning. Notably, we found that the optimal performance for 56 
Wav2Vec2 and TimeSformer was achieved in the 8th and 9th layers, respectively, rather than the 57 
final layers. This finding challenges the prevailing assumption that the final layers of cross-modal 58 
models are optimal for fusion-pair alignment, suggesting that conventional late-fusion strategies 59 
may be based on a flawed hypothesis. Specifically, our results indicate that the coupling of the last 60 
abstract layers of cross-modal models is not necessarily the most effective approach for fusion-61 
pair alignment, underscoring the need for a more nuanced understanding of multimodal 62 
representation learning and the development of more effective fusion strategies. 63 

Supplementary Table S3 | Single-layer characterization performance (Evaluation Index: 64 
Accuracy (ACC)) 65 

Layer Wav2Vec2 (%) TimeSformer (%) 

12 67.7 71.9 
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11 66.7 71.1 
10 66.4 69.4 
9 67.4 72.9 
8 69.1 66.2 
7 68.1 61.7 
6 66.7 61.0 
5 65.7 55.0 
4 63.9 46.2 
3 64.2 39.1 
2 60.7 30.1 
1 49.3 16.5 

In single-layer fusion experiments, we investigated the impact of fusion direction on task 66 
performance by conducting two complementary sets of experiments: (i) fusing the final layer of 67 
TimeSformer with each layer of Wav2Vec2, and (ii) reversing the fusion direction as a control, 68 
where each layer of Wav2Vec2 was fused with the final layer of TimeSformer (Supplementary 69 
Table S4). Our results further reinforce the paradigm of dual cross-modal heterogeneity observed 70 
in our previous text-audio fusion experiments (Supplementary Table S2), demonstrating that the 71 
optimal fusion pair is highly dependent on the direction of fusion and the specific layers involved. 72 
This finding underscores the complexity of multimodal representation learning and highlights the 73 
need for a more nuanced understanding of the interactions between different modalities. 74 

Supplementary Table S4 | Fusion heterogeneity evaluation (Evaluation Index: Accuracy (ACC) 75 
and Unweighted Average (UA)) 76 

TimeSformer Layer Wav2Vec2 Layer Accuracy 

12 

12 78.86% 
11 79.10% 
10 79.85% 
9 81.59% 
8 80.60% 
7 79.85% 
6 81.34% 
5 79.85% 
4 81.84% 
3 78.61%  

W2V2 Layer TimeSformer Layer UA 

12 

12 78.86% 
11 81.10% 
10 79.85% 
9 79.60% 
8 79.10% 
7 79.60% 
6 76.87% 
5 74.88% 
4 75.37% 
3 71.39%  

1.3 Image-Text Fusion Experiments 77 

We conducted a comprehensive analysis of multimodal hate speech detection using a text-based 78 
BERT model6 and an image-based BEiT model7, both specifically fine-tuned for the Hateful 79 
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Memes dataset. Following established fine-tuning practices, we optimized the models’ 80 
performance by carefully adjusting their hyperparameters. 81 

In single-layer experiments, we evaluated the performance of individual layers in BERT and 82 
BEiT separately (Supplementary Table S5). Our results reinforce the paradigm of dual cross-83 
modal heterogeneity observed in our previous text-audio (Supplementary Table S1) and audio-84 
video fusion (Supplementary Table S3) experiments, highlighting the complexity of multimodal 85 
representation learning. Notably, we found that the optimal performance of BERT and BEiT was 86 
achieved in the 12th (65.7%) and 10th layer (52.4%), respectively, rather than in symmetrical 87 
layers. This finding challenges the prevailing assumption that the coupling of symmetrical layers 88 
is optimal for fusion-pair alignment, suggesting that conventional pairwise-fusion strategies may 89 
be based on a flawed hypothesis. Instead, our results indicate that the optimal fusion pair may 90 
involve layers with different depths and abstraction levels, underscoring the need for a more 91 
nuanced understanding of multimodal representation learning and the development of more 92 
effective fusion strategies. 93 

Supplementary Table S5 | Single-Layer characterization performance (Evaluation Index: 94 
ROC AUC) 95 

Layer BERT (%) BEiT (%) 

12 65.7 51.3 
11 65.4 51.6 
10 64.9 52.4 
9 64.7 51.6 
8 64.4 47.8 
7 64.4 51.3 
6 64.6 50.0 
5 64.4 51.5 
4 64.4 50.1 
3 63.8 50.8 
2 61.4 51.6 
1 58.3 49.9 

In our single-layer fusion experiments, we conduct two sets of experiments: (i) fusing the last 96 
layer of BERT with each BEiT layer, and (ii) reversing the fusion direction as a control. The results 97 
reveal a significant asymmetry between BERT and BEiT (Supplementary Table S6), aligning 98 
with previous text-audio (Supplementary Table S2) and audio-video fusion experiments 99 
(Supplementary Table S4). Specifically, our experiments demonstrate that the optimal fusion 100 
configuration (66.8%) involves coupling the last layer of BERT with the 10th layer of BEiT. This 101 
combination effectively leverages the high-level semantic information from the text modality and 102 
the mid-level visual information from the image modality. Conversely, reverse-staggered layer 103 
combinations generally lead to degraded performance. 104 

Supplementary Table S6 | Fusion heterogeneity evaluation (Evaluation Index: ROC AUC) 105 

BERT Layer BEiT Layer ROC AUC 

12 12 65.0% 
11 65.4% 
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10 66.8% 
9 65.7% 
8 64.0% 
7 65.2% 
6 65.8% 
5 65.3% 
4 64.2% 
3 64.8%  
2 64.7%  
1 64.4% 

BEiT Layer BERT Layer ROC AUC 

12 

12 65.0% 
11 64.9% 
10 62.2% 
9 62.5% 
8 62.4% 
7 62.1% 
6 62.7% 
5 62.4% 
4 62.3% 
3 61.8%  
2 59.4%  
1 57.3% 

2 Supplementary Figures 106 

2.1 The Concept of Multimodal Fusion 107 

The concept of multimodal fusion, although still evolving and lacking consensus within the 108 
scientific community, has shown significant potential as a performance enhancer in various 109 
applications8,9. Conventionally, different modalities are represented as arrays of varying 110 
dimensions, such as 1D for sequences and signals, 2D for audio spectrograms or images, and 3D 111 
for video or volumetric images10. By leveraging the strengths of multiple modalities 112 
(Supplementary Fig. S1), multimodal fusion has opened new avenues for tackling complex tasks, 113 
including visual speech recognition, emotion recognition, video classification, object detection, 114 
and many other domains such as healthcare and biology. 115 

 116 
Supplementary Fig. S1 | Modality representation of numbers 0-9. The text modality is rich in 117 
pragmatic and semantic information, whereas the audio modality captures phonological and 118 
acoustic features. In contrast, the image modality, specifically handwriting, provides visual and 119 
morphological cues. 120 
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Despite the diversity of features across these modalities, multimodal neural networks do not 121 
always guarantee superior performance to their unimodal counterparts in downstream tasks. This 122 
counterintuitive observation can be attributed to the rule of inverse effectiveness in multisensory 123 
integration, which suggests that the integration of cross-modal stimuli does not necessarily lead to 124 
enhanced performance. 125 

Remarkably, our text-text fusion task reveals that even within a seemingly “unimodal” fusion 126 
setting, the inherent heterogeneity between corpora with nuanced differences can be tantamount 127 
to a cross-modal scenario (Figures 8 and 9). Our results provide strong evidence for the 128 
universality of the skew-layer theory, which is substantiated by the rule of multisensory 129 
enhancement11. These findings challenge the conventional concept of multimodal fusion, which 130 
relies on integrating multiple data modalities via a shared forward model of neuronal activity12,13,14. 131 
Instead, our results suggest that skew-pair fusion offers substantial advantages over late- and 132 
pairwise-fusions in multifaceted domains. 133 

However, a theoretical ensemble framework for aligning heterogeneous channels in latent 134 
representation spaces remains underdeveloped. Further research is needed to develop a 135 
comprehensive framework that can effectively integrate multiple modalities and models, and 136 
provide a deeper understanding of the underlying mechanisms of multimodal fusion9,15,16. 137 

2.2 Late-Fusion Strategy 138 

The late-fusion approach involves processing each modality independently using a dedicated 139 
neural network (Supplementary Fig. S2). This strategy offers simplicity and minimizes the need 140 
for modality synchronization, making it a straightforward approach to implement. Late-fusion is 141 
particularly effective when each modality contains sufficient information to make robust decisions 142 
independently. 143 

 144 
Supplementary Fig. S2 | Schematic diagram of late-fusion strategy. The late-fusion strategy 145 
involves combining the final layers of two neural network architectures: BERT (text-based) and 146 
Wav2Vec2 (audio-based). Each model processes its respective input stream through multiple 147 
layers, capturing abstract information at distinct levels. The coupling of the BERT-L12 and W2V2-148 
L12 layers represents a candidate Fusion Pair (FP). The COATT module and Mean operation are 149 
employed to facilitate the fusion process. 150 
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However, late-fusion may not be optimal when interactions between individual modalities are 151 
critical for understanding the context. For instance, in emotion recognition tasks, the 152 
complementarity between audio and text may require an early-fusion approach to fully leverage 153 
their combined information. In such cases, late-fusion may not be able to capture the complex 154 
relationships between modalities, leading to suboptimal performance. 155 

2.3 Pairwise-Fusion Strategy 156 

The pairwise-fusion approach involves a hierarchical fusion process, where corresponding layers 157 
from the two neural networks are fused independently (Supplementary Fig. S3). This strategy 158 
enables the model to capture complex interactions between modalities at each level, resulting in a 159 
more nuanced and effective fusion process. 160 

 161 
Supplementary Fig. S3 | Schematic diagram of pairwise-fusion strategy. The pairwise-fusion 162 
strategy involves symmetrically coupling corresponding layers from two neural network 163 
architectures: text-based BERT (from BERT-L01 to BERT-L12) and audio-based Wav2Vec2 164 
(from W2V2-L01 to W2V2-L12). The COATT module and Mean operation are employed to 165 
facilitate the fusion process. 166 

Pairwise-fusion offers several advantages, including the ability to precisely weight and integrate 167 
features at each layer. This facilitates a comprehensive understanding of the relationships between 168 
modalities, allowing the model to effectively leverage the strengths of each modality. 169 

However, pairwise-fusion requires a certain degree of structural equivalence between individual 170 
modalities to ensure effective pairing and fusion. This can be a limitation, as it may not be possible 171 
to achieve perfect structural equivalence between modalities with different characteristics. 172 

2.4 Clustering Analysis using t-SNE 173 

To demonstrate the effectiveness of the skew-pair fusion strategy, we employed t-distributed 174 
stochastic neighbour embedding (t-SNE) clustering analysis17 for both text-audio and text-text 175 
fusion experiments. 176 
  t-SNE Analysis of Text-Audio Fusion. We conducted a t-SNE clustering analysis using the 177 
BERT and Wav2Vec2 models on the IEMOCAP dataset (Supplementary Fig. S4). By applying 178 
t-SNE to reduce dimensionality, we visualized the competitive performance of varying skewness 179 
(𝑑𝑑 ∈  [0, 4]), which informed the fine-tuning of the hyperparameter skewness (𝑑𝑑). Our analysis 180 
revealed distinct clustering patterns, indicating that the models encode relatively independent 181 
information in their representation spaces. 182 
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 183 
Supplementary Fig. S4 | Visualizing clustering patterns with t-SNE. In the single-layer Text-184 
Audio Fusion Experiment, we utilize BERT and Wav2Vec2 models on the IEMOCAP benchmark 185 
dataset, employing skew-pair fusion strategy for multimodal emotion recognition. To illustrate the 186 
clustering patterns, we apply t-SNE to reduce dimensionality and visualize the competitive 187 
performance of varying skewness (𝑑𝑑 ∈  [0, 4]). 188 

The difference in clustering patterns can be attributed to the distinct characteristics of different 189 
modality data during model training. BERT focuses on semantic information in text, while 190 
Wav2Vec2 emphasizes acoustic properties in audio. Notably, the similarity in patterns between 191 
the final layer of BERT and the 8th layer of Wav2Vec2 suggests shared attributes or 192 
complementary information in the representation space. This implies that information fusion 193 
between these layers may enhance the model's expressive power while maintaining their respective 194 
modality characteristics. 195 

t-SNE Analysis of Text-Text Fusion. To further demonstrate the strength of the skew-pair 196 
fusion strategy, we compared its performance to late-fusion, pairwise-fusion, and skew-pair fusion 197 
strategies in the previous Text-Text Fusion Experiment using t-SNE (Supplementary Fig. S5). 198 
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 199 
Supplementary Fig. S5 | Clustering patterns of fusion strategies. This figure illustrates the 200 
clustering patterns of late-fusion, pairwise-fusion, and skew-pair fusion strategies using t-SNE in 201 
the topic classification task. Each coloured point represents a sample with a topic label, and 202 
different colours indicate distinct topic classifications. The visualization demonstrates the superior 203 
clustering effect of the skew-pair fusion strategy compared to the other two. 204 

The results clearly demonstrate the superior clustering effect of the skew-pair fusion strategy 205 
strategy (𝑑𝑑 = 0, 𝜂𝜂 = 1/12) compared to the other two approaches. This highlights the ability of 206 
skew-pair fusion to effectively integrate information from individual modalities, resulting in a 207 
more cohesive and meaningful representation of the data. 208 

3 Datasets 209 

The IEMOCAP dataset3 consists of 151 videos of recorded dialogues, featuring 2 speakers per 210 
session, totalling 302 videos. Each segment is annotated for 9 emotions (angry, excited, fear, sad, 211 
surprised, frustrated, happy, disappointed, and neutral) as well as valence, arousal, and dominance. 212 
The dataset spans 5 sessions with 5 pairs of speakers. 213 
  The AVE (Audio-Visual Event Localization) dataset5 is a comprehensive collection of over 214 
4000 videos, spanning 28 event categories. Each video is annotated to indicate the temporal 215 
boundaries of audio-visual events. The dataset encompasses a diverse array of events, including 216 
human activities, animal behaviors, music performances, and vehicle sounds. Each category has 217 
at least 60 videos, with some containing up to 188 videos. We investigate three temporal 218 
localization tasks: supervised and weakly-supervised audio-visual event localization, and cross-219 
modality localization. We utilize audio-based Wav2Vec2 and video-based TimeSformer models 220 
for these tasks5. 221 
  The Hateful Memes dataset6 is a multimodal dataset for hateful meme detection (image + text) 222 
containing over 10,000 examples created by Facebook AI. Images were licensed from Getty 223 
Images to support researchers in their work. 224 
  The C4EL is a novel parallel corpus comprising two semantically equivalent datasets: a Latin-225 
English code-mixed corpus (C4EL.LE) and its monolingual English counterpart (C4EL.EN). The 226 
metadata (C4.EN) includes text, timestamp, and URL for each entry. 227 
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