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Abstract

Understanding how cross-modal interactions influence unimodal and multimodal emotion recognition remains
an open question in multimodal affective computing. This study presents a systematic empirical investigation of
how multimodal inputs affect both unimodal and multimodal emotion recognition performance. Using the UniC
dataset, which provides modality-specific and global multimodal annotations across text, audio, and visual modalities,
we conduct experiments based on the Tensor Fusion Network (TFN) under unimodal, bi-modal, and tri-modal
configurations. Results show that cross-modal interactions exert complex and asymmetric effects. While additional
modalities can provide complementary emotional cues, they may also introduce interference when signals diverge.
Models continue to struggle with less frequent or extreme emotions such as disgust. Notably, multimodal embeddings
combined with unimodal annotations outperform fully multimodal supervision in the same setup, highlighting the
role of annotation consistency and cue reliability. These findings provide a systematic empirical validation of the
long-assumed notions, demonstrating that cross-modal effects are not simply additive and highlighting the need for

more interpretable multimodal fusion strategies.
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1. Introduction

Human emotion is inherently multimodal (Pan et al.,
2023; Junchi et al., 2025). In daily communication,
emotional meaning is conveyed not only through
verbal expressions but also through other channels,
such as tone and facial movements (Wallbott and
Scherer, 1986). The interaction of these modalities
enables humans to perceive and interpret emotions
more accurately and richly than from any single
channel alone. Inspired by this, multimodal emo-
tion recognition (MER) has become a central task
in affective computing (Picard, 1997) and human-
computer interaction (Zhang et al., 2024), aiming
to jointly analyze cues from multiple single modali-
ties, for example, text, audio, and vision, to model
emotion more comprehensively (Shou et al., 2025;
Du et al., 2025a).
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Figure 1: Interdependencies between modalities in
emotion understanding

Over the past decades, extensive research has
demonstrated that integrating multiple modalities
improves emotion classification performance com-

pared with unimodal baselines (Busso et al., 2004;
Metallinou et al., 2010; Ezzameli and Mahersia,
2023). The performance gain is generally attributed
to cross-modal interactions, where information from
one modality helps disambiguate or reinforce cues
from another (Yu et al., 2020). For instance, as
shown in Figure 1, the same sentence “Well, this is
interesting...” can express a whole range of emo-
tions depending on tone of voice or facial expres-
sion. Modeling such interdependencies is thus cru-
cial for robust emotion understanding.

However, while cross-modal interaction is known
to benefit multimodal emotion classification (Ku-
mar and Vepa, 2020), a key theoretical question
remains underexplored: Can cross-modal interac-
tions also influence unimodal tasks, i.e. settings
in which a single modality’s label is taken as the
gold label? And how does this influence relate to
the task performance of multimodal models and
the way multimodal models represent and integrate
information across modalities?

In other words, beyond improving fused outputs,
does the integration of multiple modalities shape
how individual modalities encode emotion? Ad-
dressing this question is crucial for understanding
the representational dynamics between unimodal
and multimodal processing. Human perception
provides suggestive evidence that such influence
exists — people’s interpretation of speech or facial
emotion is often modulated by contextual knowl-
edge derived from other modalities (Barrett et al.,
2011; Wieser and Brosch, 2012). Investigating
whether this phenomenon also emerges in com-
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putational models can deepen our understanding
of multimodal representation learning and affective
reasoning.

To explore this issue, we propose a two-stage
experimental framework that systematically inves-
tigates the interplay between unimodal and multi-
modal learning. In the first stage, we train a trimodal
(Text-Audio-Video, TAV) model using multimodal
annotations to capture integrated emotional rep-
resentations. In the second stage, we conduct
a series of controlled experiments with unimodal
and bimodal configurations (T, A, V, TA, TV, AV),
where each setting is trained on its corresponding
unimodal annotations. For bimodal configurations
such as TA, this means leveraging the annotations
from both constituent unimodal modalities (i.e., T
and A), respectively. This structure enables both
vertical comparison between models trained and
evaluated with unimodal and multimodal annota-
tions, and horizontal comparison among unimodal,
bimodal, and multimodal inputs.

Through this design, we aim to explore two fun-
damental questions:

» Do cross-modal interactions, introduced
through the addition of other modalities, also
influence unimodal tasks? This possibility is
hypothesized, but experimental evidence to
substantiate it is currently lacking.

» How are such influences related to the perfor-
mance and interpretability of multimodal clas-
sification? This relationship remains insuffi-
ciently explored, and systematic empirical in-
vestigation is still lacking.

Our results reveal that cross-modal interactions
indeed influence unimodal emotion prediction. In
particular, we find that models trained on multi-
modal annotations learn richer, more balanced af-
fective representations, shaping the final emotion
representation, moving it beyond a simple addition
of modalities. Moreover, unimodal tasks display
distinct prediction tendencies that can be traced to
patterns of cross-modal correlation observed dur-
ing multimodal training. These findings suggest
that the model’s emotion recognition process op-
erates along a continuum, where unimodal and
multimodal processing are interdependent rather
than isolated.

By analyzing these phenomena empirically, this
work presents a dedicated investigation into how
cross-modal interactions exert positive or negative
influences on unimodal and multimodal emotion
tasks. It thereby advances a deeper understanding
of cross-modal dynamics and provides a novel in-
terpretative perspective on the multimodal emotion
research.

2. Related Work

2.1. Unimodal and Multimodal Emotion
Recognition

Emotion recognition has long been a central topic
in affective computing (Picard, 1997). Early ap-
proaches primarily relied on unimodal cues, such
as text (Stajner and Klinger, 2023), speech (Slaugh-
ter et al., 2023), facial expressions (Leong et al.,
2023), to infer affective states from a single informa-
tion channel. However, human emotion expression
is inherently multimodal (Pan et al., 2023; Junchi
et al., 2025), where the same verbal content may
convey drastically different emotions depending on
tone or facial gestures. This realization has led
to a paradigm shift toward MER, which seeks to
integrate different signals from multiple modalities
for more robust affective inference (Zhang et al.,
2024; Hazmoune and Bougamouza, 2024).

Recent advances in deep learning have greatly
enhanced MER performance by enabling the joint
learning of hierarchical and correlated representa-
tions. Representative models include graph-based
fusion networks (Li et al., 2023), transformer-based
learning frameworks (Khan et al., 2025), and con-
trastive learning strategies (Xie et al., 2025). By
employing graph-based relational modeling, self-
attention mechanisms, and contrastive representa-
tion learning, these architectures effectively capture
inter- and intra-modal dependencies, achieving no-
table gains over traditional baselines.

Despite this progress, most multimodal systems
are designed primarily to maximize the overall pre-
dictive performance, rather than to investigate how
modalities interact internally during learning.

2.2. Modeling Cross-Modal Interactions

Understanding cross-modal interaction mecha-
nisms is crucial for interpreting multimodal learning
(Fu et al., 2024). Researchers have explored vari-
ous methods to model cross-modal interactions, ei-
ther implicitly or explicitly. For instance, MulT (Tsai
et al., 2019) employs directional pairwise cross-
modal attention to capture interactions between
multimodal sequences, while CENet (Wang et al.,
2023) enhances text representations by integrat-
ing visual and acoustic information into a language
model. Additionally, LDW-MTFN (Du et al., 2025a)
introduces a label-based weighting scheme to ex-
plicitly balance the contributions of different modal-
ities.

However, existing mechanisms are primarily de-
signed to improve overall multimodal performance
and are less informative for understanding naive
cross-modal interactions. They tend to select only
the most useful information from each modality by
using mechanisms such as cross-modal attention
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(Tsai et al., 2019) and gating (Sun et al., 2024),
rather than considering all available information.
Moreover, previous studies have examined how
cross-modal interactions affect multimodal task out-
comes, but not their impact on unimodal tasks in
the field of emotion recognition, as illustrated in
Figure 1. Therefore, to investigate authentic cross-
modal interactions, it is necessary to fully integrate
information from all modalities without any selective
filtering, while also paying attention to how these
interactions influence unimodal tasks.

2.3. Dataset-Level Advances and
Remaining Gaps

One major bottleneck in examining cross-modal
effects lies in the lack of datasets with modality-
specific annotations. Most existing MER datasets,
such as MSP-IMPROV (Busso et al., 2016) or
CMU-MOSEI (Zadeh et al., 2018), only provide
unified emotion labels derived from the overall mul-
timodal impression. This design hinders a fine-
grained comparison between unimodal and multi-
modal emotion detection performances, as each
modality’s individual contribution cannot be inde-
pendently assessed.

To address this limitation, Yu et al. (2020) intro-
duced the Chinese dataset CH-SIMS, annotated
at both unimodal and multimodal levels. Subse-
quently, Liu et al. (2022) expanded this resource
by releasing CH-SIMS V2, adding more instances
to the original dataset. Both versions of the dataset
are annotated with sentiment labels. More re-
cently, Du et al. (2025b) proposed another dataset,
UniC, with both sentiment and categorical emo-
tion labels in English. An notable difference be-
tween these two datasets is that CH-SIMS contains
acted emotional expressions while the UniC dataset
comprises authentic emotional expressions. Both
datasets provide annotations for text, audio, and
visual modalities.

Our study focuses exclusively on the UniC
dataset, as it captures spontaneous and authentic
emotional expressions, making it more suitable for
robust emotion analysis. Leveraging its categorical
emotion labels on both unimodal and multimodal
level, we train and evaluate models under unimodal,
bimodal, and trimodal configurations. This setup
provides a rare opportunity to investigate how cross-
modal interactions influence unimodal and multi-
modal emotion recognition, addressing an impor-
tant gap in existing emotion research.

3. Method
3.1.

To address the research question of whether cross-
modal interactions can influence unimodal tasks

Experimental Framework

and how this relates to multimodal classification,
we design a two-stage experimental framework.
In the first stage, a trimodal configuration of text,
audio and video (TAV) is trained and evaluated us-
ing multimodal annotations to capture integrated
emotional representations. In the second stage, ex-
periments are conducted with unimodal or bimodal
inputs (T, A, V, TA, TV, AV), where each setting is
trained with the corresponding unimodal annota-
tions. This design enables a systematic compar-
ison between multimodal and unimodal learning,
providing insights into how cross-modal informa-
tion contributes to unimodal emotion prediction and
overall multimodal understanding.

3.2. Dataset

We conduct our experiments on the UniC dataset
(Du et al., 2025b), which contains 965 video clips
featuring genuine emotional expressions. UniC
was annotated by three trained college students
from Ghent University, who served as experts, with
inter-annotator agreement used to ensure annota-
tion quality. Unlike acted emotion datasets such
as CH-SIMS (Yu et al., 2020), UniC captures au-
thentic emotions, making recognition both more
challenging and more representative of real-world
scenarios. Importantly, besides an overall emo-
tion annotation, UniC also provides independent
categorical emotion labels for three single modal-
ities: text, audio, and (silent) video. To the best
of our knowledge, it is the only available dataset
that offers modality-specific categorical annotations
for emotions, thus enabling a systematic study of
unimodal baselines, cross-modal interactions, and
label-specific emotion classification tasks.

UniC contains both dimensional and categorical
emotion labels. For the former, valence and arousal
are evaluated as an integer from 1 to 5, while for the
latter, a set of seven categorical emotion labels are
used, including disgust, disappointment, confusion,
neutral, surprise, contentment and joy.

The UniC dataset releases only pre-extracted
feature packages rather than the raw video data,
primarily due to privacy and data protection con-
siderations. Specifically, the released features are
extracted using multilingual BERT-base model (De-
vlin et al., 2019) for text, openSMILE (Eyben et al.,
2010) for audio, and MediaPipe (Lugaresi et al.,
2019) (25 FPS) for the visual modality.

3.3. Model

To investigate cross-modal interactions, it is essen-
tial to select a model that can faithfully capture the
contributions of each modality. Many existing mul-
timodal models, such as MulT (Tsai et al., 2019),
CENet (Wang et al., 2023), and LDW-MTFN (Du
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et al., 2025a), incorporate mechanisms like gat-
ing, dynamic weighting, or cross-modal attention.
While these mechanisms often lead to performance
improvements, they complicate the understanding.
The observed improvements may primarily reflect
architectural biases rather than the genuine effect
of modality interactions, as such mechanisms se-
lectively emphasize certain inputs and suppress
others, potentially masking the natural influence of
unimodal signals.

In contrast, the Tensor Fusion Network (TFN)
(Zadeh et al., 2017) provides a static and relatively
exhaustive representation of cross-modal interac-
tions, without relying on any of the aforementioned
architectural changes. Formally, let xr, x4, and xy
denote the embeddings of text, audio, and video
modalities, respectively. The tensor fusion repre-
sentation is computed as

T TA Ty

r-[Tleltlelt] o
where ® denotes the outer product. The resulting
tensor 7 is then flattened and passed through fully
connected layers for classification. This approach
preserves all information from individual modalities
while capturing deep pairwise and higher-order in-
teractions, unlike simple concatenation, which does
not fully exploit the information content. Therefore,
TFN is particularly suitable for studying the gen-
uine contributions of added modalities, as any ob-
served performance changes can be more directly
attributed to the modalities themselves rather than
to architectural artifacts.

Although multi-task models such as MTFN have
shown stronger performance in prior studies, we
do not adopt a multi-task approach in this work, as
it could introduce confounding factors that obscure
the direct effects of each modality.

Overall, TFN provides a clear and controlled
framework for studying intrinsic cross-modal inter-
actions, making it a natural choice for our analysis.

3.4.

We define three input modalities: text (T), repre-
sented by textual transcript embeddings; audio (A),
extracted from speech acoustic features exclud-
ing transcripts; and video (V), extracted from silent
video frames. To investigate cross-modality inter-
action effects, we consider all possible modality
combinations: unimodal (T, A, V), bimodal (TA, TV,
AV), and trimodal (TAV). Each configuration serves
as input to the model. Independent unimodal and
multimodal annotations in UniC enable the model
to be trained and evaluated for different tasks, fa-
cilitating a systematic analysis of cross-modal influ-
ences. The UniC dataset is partitioned into training,
validation, and test subsets following a 6:2:2 ratio.

Implementation Details

All models are trained using cross-entropy loss
for seven categorical emotion labels, with a batch
size of 32 and a learning rate of 0.0005. The ex-
periments are carried out on NVIDIA Tesla V100-
SXM2-16GB GPUs, and repeated with three ran-
dom seeds to ensure robustness.

Performance is evaluated using accuracy and
weighted F1-score to account for class imbalance,
allowing us to establish robust unimodal baselines
and quantify both positive and negative effects of
cross-modal interactions.

4. General Results

4.1. Unimodal-label Settings

Table 1 summarizes the performance of TFN un-
der different input modalities, evaluated against
four distinct annotation sources (text-, audio-, and
vision-based and multimodal labels).

First of all, it is clear that for unimodal emotion
recognition tasks — that is, when using unimodal
labels (text, audio and vision labels, respectively) —
the model achieves the best performance when the
three modalities are combined. This suggests that
multimodal information fusion can provide comple-
mentary cues that enhances emotion recognition in
single-modality tasks. Among the three unimodal-
label settings, the model performs best with text
labels, reaching an accuracy of 34.90% and an
F1-score of 28.09%, followed by the vision setup
(Acc=31.24%, F1 = 25.98%) and the audio setup
(Acc=27.23%, F1=24.00%). These results indicate
that when the three modalities are combined, the
model finds it easier to learn text-related emotional
patterns than those in audio or visual modalities.

When using text annotations, the unimodal text
baseline (T) achieves a higher accuracy (33.86%)
than both the text-audio (TA, acc=29.67%) and
text-vision (TV, acc=32.46%) settings. However,
it shows the lowest F1-score (19.13%), suggesting
that while the text-only model can capture the major-
ity class more frequently, it struggles to identify mi-
nority emotional categories. This suggests that the
inclusion of additional modalities introduces ben-
eficial complementary information that improves
classification balance and robustness, even if over-
all accuracy does not always increase. A further
investigation reveals that the unimodal text baseline
predicted all instances as neutral, as shown in Fig-
ure 2 in Section 5, highlighting the limitation of the
text-only setup. An inspection of the textual annota-
tions in UniC shows that neutral is indeed the most
frequent label, accounting for approximately one
third of all instances, which may have reinforced
this prediction bias in the text-only setup.

In contrast, the pattern is reversed when us-
ing audio annotations. The unimodal audio
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Input Text Label Audio Label Video Label Multimodal
Acc F1 Acc Acc F1 Acc F1
TAV 3490 28.09 27.23 24.00 31.24 25.98 28.45 21.17
TA 29.67 20.30 23.91 18.88 - - 27.22 19.57
TV 32.46 25.74 - 2792 21.35 28.27 21.84
AV - - 23.21 20.78 31.24 2536 27.57 18.12
T 33.86 19.13 - - - 28.10 16.99
A - - 25.83 2247 - - 30.72 24.65
\ - - - 28.80 22.70 28.80 18.77

Table 1: Performance of TFN when using text, audio, and video labels, respectively. Input refers to the
combination of modality embeddings. Results are averaged from three experiments with different random

seeds.

baseline (A) outperforms the multimodal settings,
achieving both higher accuracy (25.83%) and F1-
score (22.47%) than text-audio (TA, acc=23.91%,
F1=18.88%) and audio-vision (AV, acc=23.21%,
F1=20.78%). This indicates that the addition of
text or visual features introduces interference or
conflicting information, reducing the model’s ability
to align with the emotion expressed in the audio
modality. On the other hand, we also found that
during training, the inclusion of additional modali-
ties also leads to substantially earlier convergence,
indicating that they provide auxiliary information
that helps the model learn more efficiently, even if
the final performance does not always improve.

The situation becomes more complex when the
model uses vision annotations. The unimodal vi-
sion baseline (V, Acc = 28.80%, F1 = 22.70%) per-
forms better than the text-vision model (TV, Acc =
27.92%, F1 = 21.35%), but worse than the audio-
vision model (AV, Acc = 31.24%, F1 = 25.36%).
This pattern suggests that adding the audio modal-
ity provides positive complementary information,
while adding text may have a negative or distract-
ing influence on visual emotion recognition.

Taken together, across unimodal, bimodal, and
trimodal setups for unimodal-label tasks, the re-
sults indicate that adding one additional modality
can have either positive or negative effects, depend-
ing on the degree of alignment between modalities
and label sources. However, when two additional
modalities are combined, the overall effect tends
to be positive, suggesting that the benefits of multi-
modal complementarity outweigh the potential in-
terference among modalities.

4.2. Multimodal-label Settings

When the model is trained and evaluated with mul-
timodal labels, however, the results exhibit a dis-
tinct pattern compared with the unimodal-label set-
tings. As presented in Table 1, the model attains the
highest accuracy (30.72%) and F1-score (24.65%)
when using the audio modality alone, outperform-
ing other unimodal settings and all multimodal com-

binations. A possible explanation for this result
could be that the audio modality carries strong emo-
tional cues that are most consistent with the inte-
grated multimodal annotations, reflecting its critical
role in conveying affective information such as tone,
rhythm, and prosody.

In contrast, the performance of the full three-
modality fusion (TAV) does not exceed that of the
audio-only settings, although it still surpasses the
video-only and text-only configurations in terms of
F1-score (21.17% > 18.77% > 16.99% ). This indi-
cates that combining the three modalities provides
certain complementary benefits, but may also in-
troduce redundant or conflicting information.

4.3. Cross-setting Interpretation

When examining the first line of Table 1, it is evident
that when text, audio, and vision are used together
as inputs, the model performs better when trained
and evaluated with unimodal annotations than with
multimodal annotations. This observation suggests
two possible explanations. First, some emotional
cues emphasized in each unimodal annotation may
not be fully consistent with the holistic perception
reflected in the multimodal labels. Second, mul-
timodal annotations, while more comprehensive,
may introduce additional uncertainty or ambiguity,
making it harder for the model to align integrated
features with a unified emotional target.

It is also observed that the model achieves its
best performance when using the trimodal input
but being trained and evaluated with textual anno-
tations, suggesting a clear textual predominance.
This finding is consistent with previous studies,
which have similarly reported that textual features
tend to dominate in multimodal emotion recognition
tasks (Liu et al., 2022).

Comparing the two experiment schemes, it be-
comes evident that the relationship between modal-
ity and annotation source critically determines
model performance. When using unimodal anno-
tations, multimodal fusion is beneficial because
each label corresponds to its own modality, and
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the integrated features complement one another.
When using multimodal annotations, however, the
target label represents an overall emotional judg-
ment, which may not align equally across modal-
ities. Consequently, modalities like audio, which
might naturally reflect more global affective impres-
sions, could obtain better performance than the
other two single modalities. However, examining
the bimodal setups reveals that combinations in-
cluding text, specifically TA (text + audio) and TV
(text + vision), still outperform AV (audio + vision).
This suggests that textual predominance remains.

5. Qualitative Analysis

Figure 2 illustrates the confusion matrices across
all modality configurations. The first three rows
correspond to the different unimodal annotations
used, namely, text-, audio-, and vision-based anno-
tations, and the columns represent the gradual in-
clusion of modalities (single — bimodal — trimodal).
The fourth row represents the single modal inputs,
while the fifth refers to the bimodal and trimodal
inputs. The last two rows both refer to the results of
models using multimodal annotations. The seven
emotion categories (disgust, disappointment, con-
fusion, neutral, surprise, contentment and joy) are
indexed as 0-6.

The first row in Figure 2 presents the confusion
matrices for the text-based classification task under
different modality settings (T, TA, TV, and TAV). In
the purely textual condition (T-T), the model exclu-
sively predicts neural (class 3) regardless of the
ground-truth label, indicating a strong bias toward
the dominant class and a lack of discriminative ca-
pacity when relying solely on textual cues. When
additional modalities are introduced, this bias is
gradually mitigated. In the T-TA and T-TV settings,
although neutral remains the most frequent predic-
tion, the model begins to recognize a small number
of other categories (e.qg., disgust, disappointment,
and contentment, or classes 0, 1, 5), suggesting
that audio and visual information help the model
capture subtle emotional variations that are not eas-
ily inferred from text alone. The T-TAV configuration
further enhances this diversification: predictions
are more evenly distributed across classes, and
off-diagonal entries (especially toward neutral, con-
tentment and joy, or classes 3, 5 and 6) increase,
reflecting improved sensitivity to inter-class distinc-
tions. Nevertheless, confusion among neighboring
emotional categories persists, for example, content-
ment and joy (class 5 and 6), implying that while
multimodal cues alleviate the single-modality bias,
cross-modal interactions remain imperfect. Notably,
the emotion joy is predicted only when multimodal
information is available.

Compared with the text-based experiments, the

audio-based experiments show predictions that are
more evenly distributed across all emotion cate-
gories except confusion and surprise, and remain
more stable across different modality settings. The
range and number of correctly predicted emotion
categories do not fluctuate as drastically as in the
text-based results, suggesting that audio-based
emotion recognition is relatively more stable and
less sensitive to cross-modal variations. However,
it is also noticed that there is no disgust emotion pre-
diction in the TA setup, suggesting that the addition
of textual information may have biased the model
toward more neutral or less extreme affective inter-
pretations, thereby suppressing the recognition of
disgust with distinctive acoustic patterns.

As for the vision-based experiments, the results
show different patterns from the text- and audio-
based setups. The unimodal setting (V-V) shows
a roughly balanced number of correct predictions
between disappointment (22) and contentment
(21). When textual information is added (V-TV), the
model becomes more sensitive to negative emo-
tions, as disappointment increases to 29 while con-
tentment drops to 14. In contrast, adding audio
(V-AV) strengthens positive recognition: content-
ment rises to 26 and joy also improves notably
from 7 to 16, whereas disappointment decreases
to 19. In the full multimodal condition (V-TAV), the
results appear to balance these trends, with dis-
appointment and contentment reaching 25 and 19
respectively, suggesting that the joint contribution
of text and audio helps the model achieve a more
balanced perception between negative and positive
emotions.

In the multimodal label experiments, the three
unimodal settings (M-T, M-A, and M-V) show a clear
tendency toward predicting more positive emotions
overall. Among them, contentment is consistently
the most correctly recognized category, exceeding
disappointment in all cases. This suggests that
when trained with multimodal annotations, the uni-
modal models tend to align more with the positive
affective patterns emphasized in the multimodal
ground truth. Compared to text and vision, the
audio-based model exhibits a more balanced dis-
tribution across positive and negative categories
and is also the only one that successfully predicts
joy, highlighting the unique contribution of acous-
tic cues to the recognition of high-arousal positive
emotions.

For the multimodal-label experiments involving
two- and three-modality combinations, several pat-
terns emerge. Bi-modal setups that include audio
(M-TA, M-AV) inherit the audio modality’s ability to
predict joy, whereas the text+vision combination
(M-TV) predicts two joy instances, but both are
incorrect, indicating that audio is critical for high-
arousal positive emotion recognition. The tri-modal
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Figure 2: Confusion matrices of true and predicted labels, when the model is trained and evaluated using
different annotation types and various modality combinations. T, A, V, and M refer to text, audio, vision,
and multimodal setups, respectively. Labels 0-6 correspond to seven emotions: disgust, disappointment,
confusion, neutral, surprise, contentment, and joy.
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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.

(54343

el ||-||||||||ﬁ-u|u-ul-llwllnll-lll|u|

there are some other options out there so for around this price
you’re looking at you could definitely get air pods if you’re
into that but you can also look towards if

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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