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configuration (M-TAV) shows similar capabilities for
joy as the bi-modal audio setups and is also the only
setting among all multimodal-label experiments to
produce predictions for disgust, with one correct
out of five predicted instances. Additionally, the
M-TAV results exhibit more frequent confusion be-
tween emotions of the same overall sentiment, par-
ticularly between contentment and joy, suggesting
that while integrating three modalities balances the
strengths of individual channels, it also introduces
subtle intra-sentiment ambiguity in the model’s pre-
dictions.

6. Discussion and Conclusion

This study, to the best of our knowledge, provides
a systematic empirical analysis that examines how
the presence of the different modalities influences
emotion recognition when trained and evaluated
under both unimodal and multimodal supervision.

6.1. Cross-Modal Complementarity and
Interference

Our results reveal that cross-modal interactions
exert a complex impact on both unimodal and mul-
timodal emotion recognition tasks. Rather than
simply enhancing recogniton accuracy through in-
formation aggregation, these interactions entail a
trade-off between complementary and conflicting
emotional cues. When using unimodal annotations,
tri-modal configurations generally outperform uni-
modal and bi-modal ones, suggesting that richer
multimodal representations can provide comple-
mentary evidence for emotion inference. However,
the addition of a single auxiliary modality does not
consistently yield improvements. This indicates
that adding another modality can sometimes pro-
vide complementary information, but may also intro-
duce interference or misalignment between modal-
ities when their emotional signals diverge.

!"#$#%&$#%'()#%(!"#$%(*!+(,'%(-!%!"#$#%'(%.($%&$(-,/%!"+'%*$+0#%
1(-2$#%3((4+,5%&!%1(-%0(-3/%/#.+,+!#31%5#!%&+$%*(/'%+.%1(-2$#%
+,!(%!"&!%6-!%1(-%0&,%&3'(%3((4%!(7&$/'%+.

Figure 3: An instance from the UniC test dataset,
labelled as neutral, contentment, disgust, and neu-
tral in the text, audio, silent video, and multimodal
setups.

In practice, multimodal data often contain het-
erogeneous and sometimes conflicting emotional
expressions, such as discrepancies between facial
expressions, vocal tone, and textual content, as
shown in Figure 3. This inherent variability means
that cross-modal interactions can amplify or dimin-
ish the contribution of each modality depending on
the context, making the impact of adding modali-
ties highly situation-dependent. Understanding and
modeling this nuanced balance is therefore crucial
for robust multimodal emotion recognition.

6.2. Supervision Type and Annotation
Reliability

Interestingly, models trained and evaluated with uni-
modal annotations tend to outperform those relying
on multimodal annotations, revealing a counterin-
tuitive phenomenon in multimodal emotion recog-
nition. A likely explanation lies in the annotation
reliability: unimodal annotations, which focus on a
single information channel, tend to be more inter-
nally consistent, whereas multimodal annotations
often suffer from lower inter-annotator agreement
(Du et al., 2023). This may occur because multi-
modal judgements may be influenced by differing
weights assigned to the visual, acoustic, or linguis-
tic cues. As a result, multimodal labels often in-
troduce greater uncertainty. These observations
suggest that combining multimodal input embed-
dings with unimodal annotations can sometimes
yield more stable and effective results than relying
solely on fully multimodal annotations.

6.3. Methodological Implications for
Fusion Strategies

The present study also highlights the methodologi-
cal implications of using Tensor Fusion Networks,
or TFNs, which treat all modalities equally. While
this approach can capture complementary infor-
mation, it is suboptimal when large discrepancies
exist across modality-specific annotations. Prior
research has shown that weighing modality em-
beddings appropriately can improve performance
with multimodal annotations (Du et al., 2025a). It
remains, however, an open question whether a sim-
ilar strategy applied to weighted embeddings with
unimodal annotations would further enhance per-
formance, and how it would compare to existing
configurations. Exploring this possibility could pro-
vide valuable insights into optimizing multimodal
emotion recognition under varying levels of anno-
tation reliability.

6.4. Main Contributions
This paper makes three main contributions. First,
it establishes a unified experimental framework for
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directly comparing unimodal and multimodal super-
vision under identical modality configurations. Sec-
ond, it clarifies that cross-modal interactions involve
both complementarity and interference rather than
uniformly improving performance. Third, it uncov-
ers a counterintuitive finding that multimodal inputs
paired with unimodal annotations can sometimes
outperform fully multimodal supervision. Together,
these results provide new empirical insights into
cross-modal dynamics and inform the design of
multimodal emotion recognition systems.

7. Limitations

Since the aim of this paper is to investigate cross-
modal interactions, all experiments share the same
hyperparameters as the multimodal setup (M-TAV)
to ensure a fair comparison across different config-
urations. This design choice, however, may lead
to suboptimal performance in single-modality set-
ting, for example, the text-only baseline predicted
all instances as neutral, as shown in Figure 2.

This study uses only a single dataset, as, to
the best of our knowledge, it is the only publicly
available resource containing both independent uni-
modal and multimodal categorical emotion labels
suitable for the proposed experimental design.

Although the research question itself is not en-
tirely novel, this work represents a systematic em-
pirical study to validate a widely assumed hypothe-
sis regarding cross-modal influences on unimodal
emotion recognition.

The Tensor Fusion Network (TFN) was chosen
because it is sufficiently expressive and efficient for
exploring multimodal emotion interactions, while
avoiding mechanisms such as attention that explic-
itly promote or suppress information. This ensures
that all modality information is preserved in the
model. More recent advanced models, which incor-
porate selective fusion mechanisms, may not be
suitable for this purpose.

Large language models are not employed in this
study, primarily because the audio and visual data
are private and raise ethical concerns regarding
privacy and consent. Only pre-extracted feature
packages are available and used for this study.
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