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ABSTRACT This study investigates audience emotional arousal patterns in virtual versus real-life
anchors using a multi-channel signal processing framework. A Text-Anchored Cross-modal Alignment
for Arousal Modeling (TACAM) method is proposed, integrating text, visual, and audio signals from live
streaming platforms. Textual features are extracted via fine-tuned BERT-large, while visual motion energy
and audio prosodic features are temporally aligned and fused through a cross-modal attention mechanism.
A Transformer-based temporal regression network generates high-resolution emotional arousal curves,
capturing dynamic intensity, rise rate, and high-arousal duration. Experimental results show that the
model achieves a high-arousal duration ratio of 0.38 for virtual anchors and 0.52 for real-life anchors, with
adaptive weighting reflecting modality reliability (text weight 76% for virtual anchors). By interpreting
audience reactions as multi-channel signal flows and TACAM as a signal fusion and temporal alignment
system with closed-loop modulation, this work provides an engineering-oriented perspective for designing
robust, interpretable, and quantitative frameworks for human-computer emotional interaction, enabling
more accurate modeling of real-time affective dynamics in digital media environments.

INDEX TERMS emotional arousal, cross-modal signal processing, temporal regression, multimodal
alignment

I. INTRODUCTION

THE audience’s emotional interaction with digital media
is evolving rapidly as virtual anchors interweave col-

laborative communication into the global digital ecosystem.
This convergence of virtual presence and digital narrative
creates a multi-layered sensory fabric that redefines how
cultural information is perceived and emotionally processed
by a global audience. Virtual anchors use technologically
produced images to provide users with a unique interactive
experience that mimics human-like qualities. By analyzing
the similarities and differences between the emotional induc-
tion pathways associated with virtual anchors versus those
associated with traditional (or "real") anchors, researchers
can gain insights into the ways in which audiences perceive
and connect emotionally with both types of media. Un-
derstanding these pathways enables researchers to optimize
the user experience when interacting with virtual idols
in the digital marketplace, while simultaneously assisting
researchers who are working to develop a better theoreti-
cal framework for emotional authenticity, social presence,
cognitive projection, and other phenomena associated with

human-machine communication [1,2]. In light of the above,
it is imperative that researchers assess, on a systematic basis,
the ways in which virtual anchors and real anchors stimulate
the same or similar patterns of emotional arousal in their
respective audiences in order to develop an understanding
of how emotional communication occurs within today’s
digital age. The use of new technical analysis tools, such
as BERT multimodal sentiment analysis, to quantitatively
identify these differences in emotional arousal patterns has
emerged as a major area of interest among researchers
today. It is worth noting that emotional arousal, as quantified
in this work, reflects the intensity dimension of affective
response rather than its valence. While elevated arousal may
correspond to either positive (e.g., excitement) or negative
(e.g., stress) states, our focus is on its dynamic patterns as
an indicator of emotional engagement level, which is a key
metric in evaluating media interaction effectiveness.

The current state of research has three main obstacles.
Firstly, the audiovisual representation of virtual anchors is
often very stylized (i.e., using fixed facial expressions and
synthesized voices that lack natural rhythm, as well as pre-
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defined driver movements for the body). Therefore, there is
a great deal of bias when extracting features from the feature
extraction level in traditional multimodal emotion analysis
methods that model actual human conduct [3,4]. Secondly,
since emotion might be described as the intensity of emo-
tional activation in this dimension, it might be necessary
to model emotional arousal dynamically and with a high
temporal resolution. However, existing emotion recognition
research mostly focuses on discrete emotion categories or
static valence judgments, making it difficult to capture the
instantaneous fluctuations and persistent characteristics of
arousal intensity [5,6]. Third, in virtual anchor scenarios,
audience emotional expression is highly dependent on text
interactions such as bullet comments and reviews. However,
visual and audio modal information is often scarce due to
limitations in character modeling, resulting in an imbalance
of modal weights during multimodal fusion and further
weakening the reliability of cross-anchor type comparisons
[7,8].

To address the aforementioned issues, recent research has
attempted to approach the problem from different angles.
Deep learning-based multimodal fusion frameworks have
achieved high-precision sentiment regression on real human
video datasets, but their assumption that each modality
possesses rich semantic information leads to a significant
performance degradation in virtual anchor scenarios due to
the degradation of visual and speech modal information
[9,10]. Some works have introduced pre-trained language
models such as BERT to model text sentiment, achieving
good results in live stream comment analysis, but these
rely solely on a single modality and cannot characterize the
multi-channel sentiment coordination mechanism [11,12].
Other studies have attempted to assess the emotional appeal
of virtual anchors through social presence scales or ques-
tionnaires. While these methods have theoretical explanatory
power, they lack objective, continuous, and quantifiable
behavioral or physiological data support, making it difficult
to support fine-grained dynamic arousal comparison [13,14].
Despite the progress made in multimodal sentiment analysis
and virtual idol research, existing methods still haven’t
solved the problem of how to construct a multimodal
sentiment modeling framework centered on the arousal di-
mension and aligned across anchor types under the condition
of limited audiovisual signals for virtual anchors.

To address the multimodal imbalance and lack of dy-
namic arousal caused by stylized virtual expressions, this
paper constructs a cross-modal aligned emotional model
anchored by BERT semantics. This approach ensures that
the "weave density" of semantic information and emotional
fluctuations remains consistent, providing a high-precision
digital textile for more authentic virtual anchor interactions.
A fine-tuned BERT-large is used to perform context-aware
encoding on time-synchronized audience text interaction
sequences, which are then mapped to continuous arousal
values via a regression head. Based on this, visual motion
energy (based on optical flow amplitude integral) and speech

prosodic features aligned with the text are extracted. A
cross-modal alignment module is designed, using the text
arousal sequence as a guiding signal, and dynamically
adjusting the contribution weights of audiovisual features
at each time step through a learnable attention mechanism.
Finally, the aligned three-modal features are concatenated
and input into a Transformer temporal regression network
to generate a high-fidelity emotional arousal curve. This
framework transforms BERT from a simple text analysis
tool into a semantic benchmark for multimodal emotion
modeling, effectively mitigating modal noise caused by
unnatural audiovisual expressions in virtual content, and
achieving comparable quantification between virtual and
real anchors in terms of emotional arousal intensity, rhythm,
and modal dependency structure.

II. EMOTIONAL AROUSAL MODELING BASED ON
COMPARISON BETWEEN VIRTUAL AND REAL-LIFE
ANCHORS
A. OVERALL ARCHITECTURE DESIGN FOR ANCHOR
EMOTIONAL AROUSAL MODELING
This paper constructs a cross-modal emotional arousal mod-
eling framework dominated by text semantics to address the
multimodal emotional modeling bias caused by the limited
audiovisual expression of virtual anchors. The overall im-
plementation framework is shown in Figure 1.

Figure 1 shows that the framework takes time-
synchronized viewer comments, live video, and audio as
input, and uses a fine-tuned BERT-large to perform context-
aware encoding of the comment sequence and map it to
the continuous arousal dimension. Simultaneously, visual
motion energy and speech prosodic features aligned with
the text window are extracted; then, a cross-modal alignment
module is introduced, using the text arousal sequence as a
guiding signal, and dynamically calibrating the contribution
weights of the audiovisual modal at each time step through
a learnable attention mechanism. Finally, the three-modal
alignment features are input into the Transformer temporal
regression network, outputting a high-resolution emotional
arousal curve, achieving comparable modeling of the emo-
tional arousal modes of virtual and real anchors.

B. BERT-BASED TEXT SEMANTIC AROUSAL
ENCODING
The text semantic arousal encoding module takes time-
aligned viewer comment sequences as input and uses a pre-
trained BERT-large model for context-aware deep semantic
representation [15,16]. Given a live stream segment divided
into T equal-length time windows (each window is 10
seconds), let the set of bullet comments (comments) in the
t-th window be denoted as Ut = {ut1, ut2, . . . , utnt

}. First,
all bullet comments are concatenated into a single sentence,
and special markers are added to form the input sequence
Xt = [CLS]⊕ut1⊕SEP⊕· · ·⊕utnt

⊕SEP. This sequence
is then mapped to a context embedding by a BERT encoder.
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FIGURE 1. Overall architecture of the TACAM emotional arousal framework

Ht = BERT(Xt) ∈ RL×d. (1)

In Equation 1, L is the sequence length, and d = 1024 is
the hidden layer dimension. The output vector h[CLS]

t ∈ Rd

at position [CLS] is taken as the global semantic represen-
tation of that time window. It is then mapped to continuous
arousal values using a learnable linear regression head
w ∈ Rd and a bias b ∈ R:

at = σ
(
w⊤h

[CLS]
t + b

)
. (2)

In Equation 2, at ∈ [0, 1] represents the emotional arousal
intensity of the t-th time window, and σ(·) is the Sigmoid
activation function to constrain the output range [17,18]. The
BERT-large parameters and the regression head are jointly
fine-tuned on a labeled arousal dataset, aiming to minimize
the mean squared error between the predicted arousal value
and the reference arousal label, using the AdamW optimizer
with a learning rate of 2e-5 and L2 weight decay of 0.01,
thereby establishing an end-to-end mapping relationship
between bullet screen semantics and emotional arousal in-
tensity. The ground-truth arousal labels were derived from a
multi-annotator subjective assessment process. For each 10-
second time window, three trained annotators independently
rated the overall intensity of audience emotional activation
on a scale of 0–1, based on the aggregated content of bullet
comments (reflecting collective sentiment). Annotators were
instructed to focus on arousal intensity (level of activation)
regardless of valence. The final label for each window

is the average of the three ratings, with inter-annotator
agreement exceeding 0.85. While subjective, this method
provides a consistent and reproducible proxy for audience
arousal in the absence of large-scale real-time physiological
data, aligning with common practice in affective computing
for user-generated content.

C. AUDIOVISUAL MODAL FEATURE EXTRACTION
The audiovisual modal feature extraction module extracts
low-dimensional but emotionally discriminative physical
features from video and audio streams that are strictly time-
aligned with the text window. The video modality takes the
continuous frame sequence {Iτ}t2τ=t1 within a 10-second
window as input and uses the Farneback dense optical flow
algorithm to calculate the displacement field Vτ ∈ RH×W×2

between adjacent frames, where H and W are the frame
height and width, respectively [19,20]. The visual motion
energy mt is defined as the spatiotemporal integral of all
optical flow amplitudes within the window:

mt =
1

N

t2∑
τ=t1

H∑
i=1

W∑
j=1

∥Vτ (i, j)∥2 . (3)

N in Equation 3 is the normalization factor, and mt

reflects the overall dynamic intensity of the anchor’s picture,
serving as the emotional proxy feature of the visual modal-
ity. It is acknowledged that in virtual anchor scenarios, opti-
cal flow captures pixel displacement that may originate from
pre-programmed animations rather than spontaneous emo-
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tional expression. Nevertheless, mt serves as a quantitative,
modality-consistent proxy for overall screen dynamism, pro-
viding a baseline visual input whose relative informativeness
is later calibrated by the cross-modal alignment module. The
audio modality extracts ternary prosodic features from the
synchronized single-channel speech signal: the fundamental
frequency f0 is calculated by the autocorrelation method and
the mean f̄0 within the window is taken, and the short-time
energy E is defined as:

E =
1

M

M∑
n=1

s2(n). (4)

The speech rate r is estimated in syllables per second and
calibrated using a forced alignment model. These three ele-
ments constitute the audio feature vector at = [f̄0, E, r]⊤ ∈
R3. Both the video feature mt and the audio feature at are
Z-score normalized and resampled to be perfectly aligned
with the text wake-up sequence {at}Tt=1, forming a multi-
modal input with uniform temporal resolution [21,22].

D. CROSS-MODAL ALIGNMENT MODULE
The cross-modal alignment module uses the text wake-up
sequence as a semantic anchor to dynamically calibrate

the contribution of the audiovisual modality to emotional
arousal modeling [23,24]. Let the text wake-up value at
time step t be at ∈ [0, 1], and its corresponding learnable
query vector be qt = Wqat ∈ Rdk , where Wq ∈ Rdk×1

is the projection matrix; the visual feature mt and the
audio feature at are linearly mapped to obtain the key
vectors kvt = W v

kmt, kat = W a
k at, and the value vectors

vvt = W v
v mt and vat = W a

v at, with dimensions dk and dv ,
respectively. The attention weights of the text for the visual
and audio aspects are calculated:

αv
t =

exp
(

q⊤t kv
t√

dk

)
∑

m∈{v,a} exp
(

q⊤t km
t√

dk

) . (5)

αa
t = 1− αv

t . (6)

The final fused feature is zt = αv
t v

v
t + αa

t v
a
t . This

mechanism enables the model to automatically increase text
dependence when the virtual anchor’s audiovisual signal is
weak, and to achieve balanced fusion when the real anchor’s
multimodal features are rich. The original dimensions, nor-
malization methods, and projection configurations of each
modality are shown in Table 1.

TABLE 1. Multimodal feature dimensions and alignment configuration

Modal Original features Original
dimension

Normalization method Projection target
dimension

Projection method

Text BERT [CLS] embedded 1024 LayerNorm dk = 64 Linear + Sigmoid (projecting the generated
scalar at)

Visual Action energy (optical flow
amplitude integral)

1 Z-score dk = 64 Linear transformations Wv
k , Wv

v

Audio [Fundamental frequency, energy,
speech rate]

3 Z-score dk = 64 Linear transformations Wa
k , Wa

v

Table 1 details the feature representations and alignment
configurations of the text, visual, and audio modalities
within the TACAM framework. The text modality is played
in BERT [CLS] format and aligned to an arousal scalar via
LayerNorm and sigmoid before being projected onto the
alignment space. The modalities of visual (1D) and audio
(3D) include action energy and prosodic features, respec-
tively. Both are normalized using Z-scores and mapped to a
unified 64-dimensional key/value space through independent
linear transformations to support attention alignment. The
end result is that high-dimensional (verbo-semantically)
semantic text represents the majority or parameter of the
alignment process while at the same time holds on to
the emotional discriminativeness of very low-dimensional
audio-visual features, providing a modal comparability basis
for cross-anchor type emotional arousal modeling.

E. EMOTIONAL AROUSAL TEMPORAL REGRESSION
The emotional arousal temporal regression module gets
the fused feature sequence {zt}Tt=1 from the cross-modal

alignment module, with each instance zt ∈ Rdv being an
alignment representation at time step t. Each element of the
sequence is first embedded with positional encoding before
being processed through a 6-layer Transformer encoder
(with 8 attention heads, hidden dimension is 64, and dropout
rate of 0.1) for temporal regression. Each layer consists of
multi-head self-attention and a feedforward network [25-
26]. Let the output of the l-th layer be Z(l) = [z

(l)
1 , . . . , z

(l)
T ],

then:

Z(l) = LayerNorm
(
Z(l−1) +MHSA

(
Z(l−1)

))
. (7)

MHSA(Q,K, V ) = Concat(head1, . . . ,headh)W
O. (8)

headi = softmax
(

QWQ
i (KWK

i )⊤√
dk

)
VWV

i is used to
capture the long-range dependence and local fluctuations
of arousal intensity over time. Finally, the top-level output
is input into a fully connected regression head after global
average pooling to generate a continuous arousal value ât =
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w⊤
r z

(6)
t +br, where wr and br are learnable parameters [27-

28]. This structure effectively models the temporal dynamics
of emotional arousal and provides high-resolution output for
cross-anchor type comparisons.

III. EXPERIMENTS AND EVALUATION
A. DATASET CONSTRUCTION AND ANCHOR
GROUPING
The dataset is constructed based on 200 complete live stream
replays collected from publicly available live streaming
platforms. 100 of these are from Chinese virtual anchors,
and 100 are from real-life anchors. The two types of anchors
are strictly paired in terms of content type, covering three
mainstream live streaming scenarios: game streaming, daily
chat, and product sales. Each category comprises approx-
imately one-third of the content to control the confusion
effect of content themes on emotional arousal. While this
pairing controls for broad topic categories, we acknowledge
that finer-grained production elements (e.g., editing pace,
use of background music, or clickbait tactics) may still
vary and constitute a potential confounding factor in the
observed arousal differences. All live stream videos have
a resolution of at least 1080p, a frame rate of 30fps, and
an audio sampling rate of 16kHz. The accompanying bullet
screen data includes timestamps accurate to milliseconds.

Only one representative live stream from each anchor is
selected, with a duration of at least 30 minutes, to ensure
sufficient space for emotional dynamics to develop. Al-
though only one live stream was selected for each streamer
to control for confounding effects from individual style and
content theme, the selected streams all met the following
criteria: 1) they belonged to the streamer’s regular content
type; 2) their interaction metrics were located at the 40–
60th percentile of their last 30 live streams; and 3) there
were no obvious technical anomalies. While this strategy
cannot capture intra-individual variation, it ensures fairness
in inter-group comparisons and aligns with the mainstream
paradigm in current research on virtual streamer sentiment
computing. Virtual anchors use 2D or 3D real-time driven
models with stable facial expressions and body movements;
real-life anchors are natural on-screen anchors without vir-
tual avatars. The raw data is manually reviewed to remove
streams containing more than 20% of muted, black screen,
non-interactive, or non-Chinese bullet screen content. The
final dataset has about 120 total hours of valid live streaming
video content split into 3 parts - training set, validation
set, and test set - at an 8:1:1 proportion. To prevent "data
leakage" between these sets coming from any given anchor,
the split between these sets is determined according to the
number of anchors. This allows models to be generalized for
evaluation and provides a fair basis for comparing between
different groups.

B. EVALUATION INDEX SYSTEM
The arousal pattern comparison indicator group evaluates an
individual’s arousal response along four different axes: the

mean arousal score (MAS) reflects overall arousal; the peak
frequency (PF) indicates the number of measurements above
the 75th percentile of arousal for a given time; the rise rate
(RR) captures the velocity of a response with the average
slope of the rising portion of the arousal curve; the high-
arousal duration ratio (HADR) reveals how frequently an
individual has high arousal relative to the duration at a low
level of arousal. Each of these indices is determined using
all available tests for each individual in the group, and then
the average for the whole group based on the means of their
respective test results can be computed. MAS, PF, RR, and
HADR characterize emotional arousal patterns from four
orthogonal dimensions—intensity, explosiveness, response
speed, and persistence—avoiding the one-sidedness of a
single indicator. This system not only meets the needs of
model validation but also provides an interpretable and
reproducible quantitative basis for inter-group difference
analysis between virtual and real anchors.

C. BASELINE METHODS AND ABLATION EXPERIMENT
SETUP
Baseline methods select representative models in the current
multimodal sentiment analysis field to verify the perfor-
mance of the proposed method:

1) Single-modal baseline BERT-only, using only a finely
tuned BERT-large to model the bullet screen text and regress
the arousal value.

2) Early Fusion method, which simply concatenates text
(BERT embedding), vision (motion energy), and audio
(prosodic features) and inputs them into a multilayer per-
ceptron [29].

3) Tensor Fusion Network (TFN), which explicitly models
high-order interactions between modalities through outer
product [30].

4) Multimodal Transformer (MulT), which uses a cross-
modal attention mechanism to achieve information exchange
between modalities [31].

All baselines are trained under the same data partitioning
and input alignment conditions. The ablation experiments
revolve around the core design of this paper:

1) TACAM-w/o-CAM removes the cross-modal align-
ment module and adopts fixed-weight fusion of three modal-
ities;

2) TACAM-FixedW replaces the dynamic attention
weights with preset mean values;

3) TACAM-w/o-Trans replaces the Transformer tempo-
ral regression network with a single-layer LSTM. These
settings collectively verify the necessity of text anchoring
mechanisms, dynamic alignment strategies, and temporal
modeling structures for emotional arousal modeling in vir-
tual anchor scenarios.

IV. SYSTEMATIC DIFFERENCES IN EMOTIONAL
AROUSAL PATTERNS BETWEEN VIRTUAL AND REAL
ANCHORS
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A. OVERALL COMPARISON OF AROUSAL INTENSITY
LEVELS
To quantify the overall differences in audience emotional
activation levels between virtual and real anchors, this sec-
tion calculates the average arousal level for each live stream
and compares the distribution between groups, revealing the
systematic differentiation between the two types of anchors
at the baseline of emotional intensity. The analysis is based
on 100 paired live streams, and the individual MAS index
is calculated. The results are shown in Figure 2.

Figure 2 compares the average arousal level for both
virtual anchors and real-life anchors as measured through
the use of anchors. The left box in this figure is associated
with the virtual anchor group (blue), while the right box
corresponds with the real-life anchor group (red). Box plot
indicates that the MAS (0.61, median 0.60) for the real-
life anchor group is greater than the averages of the virtual
anchor group (0.52, 0.51). In fact, the interquartile range
reflects greater arousal ranges than do the virtual anchors.
The differences arise from two aspects; real-life anchors can
provide real-life physiological feedback mechanisms and
dynamic contextual response capabilities; real-life anchors
show a wide range of multi-channel emotional stimuli in
their vocal rhythm as well as the use of subtle facial
expressions and other forms of non-verbal feedback, and
interaction, with others in real-time; while virtual anchors
operate under a structured, pre-established driving model,
and have no fluctuation in their voice and/or behaviour. All
these reasons cause a virtual anchor to have an extremely
low level of emotional arousal relative to other types of
media. Current technological developments indicate that
real-life anchors continue to have an overall higher level
of emotional arousal than their virtual counterparts. This
conclusion is based on the dataset curated with content-
type pairing. Future studies employing stricter control of
production variables or experimental designs are needed to
further isolate the effect of the anchor’s ‘virtual vs. real’
nature from that of ancillary production styles.

B. DIFFERENCES IN DYNAMIC RHYTHM OF
EMOTIONAL AROUSAL
This section uses a method to summarize and classify
the overall emotional arousal differences between virtual
anchors and real-life anchors. It does this by displaying a
standard deviation band overlaid on arousal curves created
for each anchor based on 10-second intervals (timesteps). In
addition, the analysis shows how frequently various types
of anchors cause emotional outbursts, as well as the rate
of ascent and how much variation there is within that time
period. These results are based upon thirty minutes worth
of live broadcast time-series data, and the results of the
TACAM model are used to determine the average group
response. The results can be found in Figure 3.

Figure 3 shows a 30-minute time frame on the horizontal
axis. Emotional arousal for anchors in real-life reaches its
highest point (peak) of 0.76 at 1.1 min; the peak intervals

fluctuate with very short intervals and have an overall
increase rate RR of approximately 0.31/min (per minute).
On the other hand, the virtual anchor’s initial peak lags
to 1.5 minutes and is less than 0.66. The increase rate for
virtual anchors is less than 0.17/min, and it appears to have
had relatively smooth fluctuations over the trial period; in
contrast, because of the capability of real anchors to respond
dynamically to events occurring around them, the sudden
change in the rhythm of speech has the ability to produce
high-frequency emotional stimuli through subtle changes in
facial expressions, as well as their interaction with their
audience. Virtual anchors, on the other hand, rely on pre-set
action scripts and synthesized speech, lacking natural phys-
iological feedback mechanisms, resulting in delayed and
limited arousal signals. The standard deviation band width
also reflects stronger intragroup response heterogeneity in
real-life anchors, indicating higher individual adaptability in
real interpersonal interactions. The results show that current
virtual anchors still lag significantly behind real-life anchors
in the emotional rhythm dimension, making it difficult to
achieve high-density, rapid-response emotional activation.

C. PERSISTENCE OF HIGH AROUSAL
To evaluate the differences in the ability of different sen-
timent analysis methods to characterize the persistence
of high arousal, this section calculates the proportion of
emotionally high-arousal time for each model on virtual
and real-person anchor test sets, i.e., the proportion of time
viewers are in a state of high emotional activation, thereby
revealing the effectiveness of the methods in modeling the
depth of emotional immersion for the two types of anchors.
The analysis covers the TACAM proposed in this paper and
four baseline methods, and the results are shown in Figure
4.

Figure 4 presents the percentage of high arousal duration
for five methods in both virtual and real anchor scenarios.
The horizontal axis represents the method category, and the
vertical axis represents the mean HADR within each group.
Figure 4(a) corresponds to virtual anchors, and Figure 4(b)
corresponds to real anchors. Error bars indicate the 95%
confidence interval. The results show that TACAM achieves
an HADR of 0.38 in the virtual anchor group, significantly
higher than methods such as TFN (0.30) and MulT (0.31).
This is because the latter relies on visual-motor energy and
speech prosodic features, while the stylized expression of
virtual anchors results in a lack of such modal information.
The real anchor group has a TACAM score of 0.52, which
outperforms all of the baselines, indicating that TACAM has
found a way to intelligently combine and utilize both visual
(audio/visual) and tactile (touch/feeling). The overall HADR
is lower for the virtual anchor groups compared with their
counterparts in the real anchor group due to the differences
in the levels of natural micro-expressions and tone variation
as well as real-time interactive feedback. The virtual anchor
models have been limited by the requirement of following
a pre-defined driving model so that they exhibit limited
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FIGURE 2. Comparison of average arousal distribution between virtual and real-life anchors. Note: "***" indicates p < 0.001,
representing the statistical significance level of the result

FIGURE 3. Comparison of emotional arousal dynamics curves between virtual and real-life anchors

FIGURE 4. Comparison of high arousal duration percentage for different sentiment analysis methods: (a) Virtual anchor scenario (b) Real anchor scenario

emotional expression dimensions, making it more difficult to sustain high levels of audience goodwill and attention

VOL. 15, NO. 3, AUGUST 2026 2334



D. Zhang et al.

relative to the real anchor groups. The findings illustrate that
most multi-layer models used for sentiment analysis have
some degree of modeling bias in virtual information, while
the text anchoring strategy (an alignment strategy dominated
by text semantics) proposed in this paper can effectively
bridge this gap.

D. DIFFERENCES IN MULTIMODAL CONTRIBUTION
STRUCTURE
To reveal how different models allocate multimodal infor-
mation weights in virtual and real anchor scenarios, this

section calculates the average contribution ratio and modal
contribution entropy of each method across the text, visual,
and audio modalities based on the dynamic attention weights
output by the cross-modal alignment module. It quantifies
the model’s adaptive ability to modal dependency structures
and analyzes the TACAM main model and its three ablation
variants. The results are shown in Figure 5.

FIGURE 5. Comparison of multimodal contribution structure under different model configurations: (a) Virtual anchor scenario (b) Real
anchor scenario

Figure 5(a) shows the modal contribution structure of
four models in the virtual anchor scenario, and Figure
5(b) corresponds to the real anchor scenario. The hori-
zontal axis represents the model configuration, including
the complete TACAM master model and its three ablation
variants; the left and right vertical axes represent the aver-
age contribution percentage weight and modal contribution
entropy of each modality in emotional arousal modeling.
The data results show that in the virtual anchor group,
the complete TACAM has a text weight as high as 76%;
visual and audio each account for 12%; the contribution
entropy is only 0.89. This high text weight (76%) reflects
the model’s adaptation to the actual distribution of emotional
information in the data: in virtual anchor scenarios, the
stylized and less variable audiovisual expressions carry
limited discriminative power for arousal, while audience
reactions are predominantly channeled through text interac-
tions. Thus, the model’s reliance on text does not ignore
anchor influence but rather captures the shifted pathway
of emotional influence—where the audience’s textual re-
sponse becomes the primary carrier of arousal dynamics,
as opposed to the direct, multimodal expressiveness of real
anchors. The low weight assigned to visual features (12%)
in virtual scenarios directly reflects the model’s assessment
of their low emotional discriminability—a consequence of
the artificial, often repetitive nature of avatar motion which
reduces the signal-to-noise ratio of raw optical flow as an
arousal indicator. While in the real anchor group, the three
modal weight distribution is 45% text, 30% visual, and
25% audio, and the entropy value rises to 1.52, reflecting

the complementary value of multi-channel information in
real interaction. In contrast, the ablation models TACAM-
w/o-CAM and TACAM-FixedW, which remove the cross-
modal alignment module and force equal weighting of the
three modalities (33%, 33%, 34%), both have an entropy
value of 1.58. They cannot adjust the weights according to
content characteristics, leading to an over-reliance on low
signal-to-noise ratio audiovisual features in virtual scenes.
The reason for this variation is that virtual anchors do not
have true physiological feedback systems. As a result, the
speech and actions of virtual anchor do not contain emotions
and therefore the model is forced to use text anchors in
place of them. The data demonstrates that fixed fusion and
multimodal splicing alone do not accommodate the different
patterns of emotional expressions contained in the different
types of anchors. The cross-modal alignment method in this
study allows for dynamic adjustments to modal contribution
for improving the robustness of emotional modeling.

V. CONCLUSIONS
This paper proposes TACAM, a cross-modal emotional
arousal modeling method that utilizes text semantics as a
stable anchor to integrate diverse emotional data into a
cohesive multimodal representation. By ensuring precise
cross-modal alignment, TACAM ensures that multimodal
information remains balanced and tightly bound within the
narrative weave. It extracts the arousal semantics of viewer
comments by fine-tuning BERT, combines optical flow
and speech prosodic features, and designs a cross-modal
alignment module to dynamically calibrate the audiovisual
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modal contribution using text as an anchor. Finally, it uses 
Transformer temporal regression to generate high-resolution 
emotional arousal curves. Experiments show that TACAM 
achieves a high arousal duration ratio of 0.38 in virtual 
anchor scenarios, significantly o utperforming t he T FN and 
MulT multimodal methods. In terms of overall arousal 
intensity, the average arousal level of real anchors reaches 
0.61, higher than the 0.52 of virtual anchors. Modal analysis 
further shows that TACAM automatically increases the text 
weight to 76% in virtual anchors, effectively mitigating the 
modeling bias caused by the limited audiovisual expression. 
This method provides a robust and quantifiable computa-
tional framework for emotional interaction, offering clear 
application value in virtual idol optimization and the struc-
tural reinforcement of multimodal emotional computation.
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