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Abstract

We introduce the Probabilistic Multimodal Consistency Index (PMCI), a prototype measure
of probabilistic semantic agreement used to quantify how much two modalities share in
terms of mutually compatible affective evidence. PMCI does not model feature fusion or
emotion classification directly; instead, each modality is mapped to a different probability
distribution over learnable latent affective-agreement anchors, and the agreement of those
distributions is quantified via the Jensen-Shannon divergence. Consequently, we propose
PMCI not as a substitute for a discriminative model of pair matching, but rather as an
auxiliary diagnostic index of cross-modal affective agreement. Experiments were conducted
on pose-based facial and body keypoint sequences obtained from the RAVDESS and MELD
datasets. In the updated RAVDESS setup, we extended the cache of preprocessed keypoint
files to include all 24 actors, and we sampled four distinct pose-derived 12-frame crops per
source video. This resulted in a total of 11,520 pose-derived windows, with the actor label
determining the train/validation/test splits for the RAVDESS dataset. MELD contained
402 filtered pose-derived windows and served as an auxiliary in-the-wild validation setting
with additional noise. When applying the updated RAVDESS standard pair-matching,
DirectCosine_KO0 achieved ROC-AUC = 0.943 and PR-AUC = 0.917, demonstrating that
it is indeed the best exact pair-matching baseline and that PMCI-based configurations
are not as accurate as DirectCosine_KO when performing common exact face-body pair
discrimination. Under this protocol, PMCI_K8, PMCI_K16, and PMCI_K32 produced
ROC-AUC scores of 0.851, 0.805, and 0.887, respectively. Running a one-window-per-
source-video experiment with 100 repetitions yielded similar results in the following
order: DirectCosine_KO = 0.942 plus-minus 0.009, PMCI_K16 = 0.807 plus-minus 0.016, and
PMCI_K32 = 0.893 plus-minus 0.012, which shows that the results obtained were not the
result of only repeated temporal crops. In the DirectCosine-mined hard negative setting,
PMCI produced modest diagnostic separation above chance, where Direct+PMCI_K32
yielded ROC-AUC = 0.582. In a suite of shuffle control, permutation control, model
initialization control, temperature control, anchor usage control, control latency, and pose
perturbation control experiments, the diagnostic stability of PMCI was tested, confirming
that PMCl is sensitive to both pose-estimation accuracy and domain shift. Finally, PMCI
must be interpreted as a probabilistic diagnostic index of cross-modal affective agreement
that is based on pose, not as a general-purpose emotion-recognition system.
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1. Introduction

Most prior work in multimodal affective computing has focused on recognition perfor-
mance, fusion strategies, or modality alignment for downstream prediction. However, in
interactive systems, it is also important to determine whether different expressive channels
convey mutually consistent affective interpretations. This distinction motivates a separate
line of inquiry: multimodal consistency analysis. From this perspective, facial and gestural
signals are not only complementary inputs for classification, but also partially independent
affective observations whose agreement or disagreement may itself carry useful infor-
mation. The present study builds on this view by positioning probabilistic cross-modal
consistency as an independent object of analysis rather than as a secondary outcome of
multimodal fusion. In interactive systems, a user’s affective state is expressed through
several channels at the same time, including facial expression, body posture, gesture, vocal
tone, and situational context. For this reason, combining modalities only to improve recog-
nition accuracy is not sufficient. It is also necessary to determine whether these modalities
support the same affective interpretation or whether they contain a meaningful mismatch.

The present study does not tackle the issue of multimodal data fusion, although it
was inspired by research in the area of multimodal affective computing. Instead, PMCI
addresses a distinct problem, which is how to quantify a degree of agreement between
two modality-specific interpretations represented in the form of a probability distribution.
Accordingly, PMCI is not a method for feature fusion but, rather, a probabilistic semantic
agreement metric for comparing facial and gestural probability distributions inferred
independently from different sources of evidence.

Despite growing interest in multimodal affective computing, an important gap re-
mains between multimodal fusion and multimodal consistency analysis. Fusion-oriented
approaches are primarily designed to improve downstream recognition performance by
combining heterogeneous sources of information, but they do not necessarily provide an
explicit account of whether different modalities support the same affective interpretation.
In interactive systems, this distinction is important: a model may produce a confident
prediction while the underlying channels remain weakly aligned or even partially con-
tradictory. This is particularly relevant in settings involving subtle expression, emotional
masking, hesitation, or controlled social display.

The contribution of this work is the formulation of cross-modal affective agreement
as a distribution-level comparison problem. Facial and gestural streams are not fused
into a single representation before comparison. Instead, each modality produces its own
probability distribution over a shared latent anchor space, and PMCI quantifies the agree-
ment between these two distributions. This formulation separates semantic agreement
estimation from ordinary exact pair matching, for which direct embedding similarity or
discriminative fusion may remain more effective.

The central hypothesis is that agreement between modality-specific probability distri-
butions can provide a useful diagnostic coordinate in cases where direct embedding simi-
larity becomes ambiguous. Direct similarity can be effective for identifying whether two
streams originate from the same video segment, but it may also reflect actor identity, motion
style, or other shortcut-related correspondences. PMCI is therefore evaluated as a continu-
ous semantic-agreement score rather than as a discriminative pair-matching classifier.

https://doi.org/10.3390/technologies14070445


https://doi.org/10.3390/technologies14070445

Technologies 2026, 14, 445

30f24

The results of this study can be characterised by five key observations. Firstly, both
DirectCosine and LateFusionMLP continue to serve as robust baselines for ordinary exact
face-body pair matching. Secondly, PMCI should be regarded not as a substitute classifier,
but rather as a probabilistic semantic-agreement measure over shared latent anchors.
Thirdly, PMCI is most relevant in hard-negative scenarios where high embedding similarity
is no longer reliable.

The experiments are organized to separate ordinary exact pair matching from cross-
modal semantic agreement. DirectCosine and LateFusionMLP are retained as discrimina-
tive baselines for exact face-body matching. PMCI is evaluated separately as a diagnostic
agreement coordinate, with particular attention to DirectCosine-mined hard negatives,
shuffled and random controls, rank-balanced hard-negative evaluation, and decile-based
low-agreement analysis.

In uncertainty-aware interaction monitoring, PMCI may be used as an auxiliary
diagnostic signal rather than as a final emotion label. A low PMCI score indicates that the
facial and gestural streams produce weakly compatible probability distributions. Such cases
may be routed to a more cautious decision policy, additional contextual analysis, or human
review. This interpretation is limited to the pose-based facial and body representations
evaluated in the present study.

The remainder of this paper is organized as follows. Section 2 reviews related work
on face-body affect perception, multimodal emotion recognition, semantic similarity, and
probability-distribution agreement. Section 3 presents the PMCI formulation, task defi-
nition, datasets, and experimental protocol. Section 4 reports ordinary matching results,
hard-negative diagnostics, non-redundancy controls, rank-balanced evaluation, decile anal-
ysis, and ablation studies. Section 5 discusses methodological implications and limitations.
Section 6 concludes the paper.

2. Related Works

Classical theories of emotion, including those associated with Darwin and Ekman,
primarily emphasized prototypical facial expressions of several basic emotions [1,2]. How-
ever, bodily signals also play a significant role in affective communication. It has been
demonstrated that they can enhance the transmission of facial expression, thereby facilitat-
ing enhanced interpretation of their intended meaning or modifying the comprehensive
analysis of the observed configuration. From this perspective, the face and body should not
be considered as isolated feature sources; instead, they should be understood as intercon-
nected expressive channels that jointly contribute to affective meaning. Plutchik’s model
posits the hypothesis that emotions can be conceptualized as parameters of a structured
space of categories and intensities, which can manifest through a series of mutually expres-
sive channels [3]. Dimensional approaches provide a description of affect through valence
and arousal, whereas appraisal-based frameworks predominantly connect emotion as an
evaluation of the situation and context [4,5]. The aforementioned approaches underscore
the notion that the affective state should not be reduced to a solitary observable signal, and
that signals can express representation through multiple modalities, with each modality
providing a partial interpretation of a more multifaceted affective state. For instance, while
downcast and bowed postures could be a non-verbal indicator of sadness, expressive
gestures and high posture could serve as non-verbal indicators of joy. Thus, bodily expres-
sions could act to disambiguate the facial expression, thereby allowing for a more robust
estimation of the overall emotion. This finding indicates that, in contrast to the independent
modelling of facial features and gesture in conventional approaches, interactive systems
should adopt a more holistic approach by jointly modelling both features and gesture, with
a view to enhancing mutual compatibility in the interpretation of emotion.
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Neurophysiological data additionally confirm early integration between facial and
bodily signals. Meeren et al. showed that visual processing in the brain had modulation
approximately during 115 ms depending on whether the face and body were emotionally
consistent [6]. This early effect suggests that consistency between the face and the body is a
significant component of emotion perception and interpretation. Accordingly, analysis of
the consistency between signals of the face and gestures can be understood as a computa-
tional formulation that is consistent with canonical mechanisms of multimodal perception
of affect.

Beyond controlled experiments, real-life emotional behavior often involves nuanced
coordination (or lack thereof) between modalities. Body movements can effectively reflect
changes in affective state even when facial cues are subtle. Observers tend to rely more on
body expressions than on facial expressions or voice tone under high emotional intensity,
ambiguity, or when cues conflict. Indeed, bodily expressions may dominate in such
scenarios: Aviezer et al. found that body cues, not faces, distinguished positive vs. negative
intense emotions [7]. The influence of the body on face-based emotion recognition is
generally stronger [8]. These human perceptual tendencies underscore the importance of
quantifying facial-gestural affective coherence in computational systems.

Multimodal emotion recognition has accordingly evolved from uni-modal analysis
to more integrative approaches. Barros and Wermter developed a cross-channel model
to integrate facial and auditory cues for expression recognition [9], and more recently
Hu et al. proposed a prototype-grounded approach for multimodal emotion recognition,
conceptually related to prototype-based alignment [10]. Despite these advances, current
systems typically fuse or align modalities at the feature or embedding level, and often
assume that the “true” emotion is consistently expressed across modalities. In reality, how-
ever, facial and bodily signals can be asynchronous or even divergent; emotion coherence
across channels is not guaranteed and can be surprisingly low for certain emotions.

In human perception studies, this agreement has been described in terms of emotion
coherence or congruency, and its absence is known to hinder emotion recognition. In
character animation, ensuring that a virtual avatar’s facial expressions match its body
language greatly enhances perceived realism. Chhatre et al. showed that users strongly
prefer animations where facial and bodily channels are congruently driven compared to
disjoint or single-modality animations [11]. In human—-computer interaction and social
robotics, a mismatch between a person’s face and gesture cues might indicate suppressed
emotion, sarcasm, or deceptive behavior.

Previous perceptual studies show that facial and bodily expressions are jointly in-
volved in emotion interpretation. Congruent face-body modality pairs were connected with
more competent recognition and faster responses in certain experimental conditions [12].
The body can not only complement the face, but also change its emotional meaning.
In the experiments by Aviezer et al., the same facial expression caused both positive
and negative labels depending on the bodily context with which it was connected [7].
Lecker et al. also reported a bidirectional contextual effect, in which facial expression can
influence the perceived bodily emotion; however, the influence of the body on the face
often turns out stronger in certain situations [8].

These results show that emotional congruence is a relation between modalities, not
a property of one separate modality. High congruence forms a more holistic perception,
since facial and bodily signals support a similar affective interpretation. Inconsistency,
on the contrary, can lead to mixed or unstable interpretation. In real behavior, complete
consistency is not guaranteed. Emotional expression can be masked, regulated by social
norms, suppressed, or manifested only partially. Reisenzein et al. showed that external
facial expressions do not always reliably accompany experienced emotion [13]. Therefore,
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the proposed approach does not assume that emotion signals are in every case congruent
between modalities; instead, it considers congruence as a single measurable signal.

In parallel with this, affective computing developed from unimodal analysis to mul-
timodal fusion. Poria et al. show that combining facial expressions, speech intonation,
and text transcripts could increase the robustness of emotion recognition compared with
separate modalities [14]. Deep learning allowed the development of fusion strategies
through attention mechanisms and coordinated representations. Zadeh et al. proposed
tensor fusion for tasks of multimodal sentiment analysis and emotion determination [15],
whereas Tsai et al. used cross-modal attention for aligning latent dynamics in unaligned
multimodal sequences [16]. These methods are important for classification and prediction;
however, they do not directly define a distribution-level measure of semantic agreement
between modality-specific interpretations. In such models, cross-modal consistency is usu-
ally treated only implicitly, insofar as it improves the performance of the final prediction
task. This leaves open the separate problem of measuring semantic agreement between
modality-specific interpretations themselves.

The proposed formulation is also related to research on semantic similarity and se-
mantic equivalence. In this literature, the central problem is not whether two observations
are identical, but whether they support related or compatible meanings. Previous studies
have addressed this question in different settings, including fuzzy relational databases,
document-level semantic similarity, and general surveys of semantic similarity approaches
and metrics [17-19]. In contrast to document-level semantic similarity, the present study
compares semantic interpretations inferred from non-verbal visual modalities. PMCI is
also conceptually related to probability-distribution agreement and expert-consensus ap-
proaches [20]. In such settings, agreement can be estimated by comparing probability
distributions through overlap, divergence, or aggregation-based measures. The present
work follows a similar distribution-level logic, but the compared distributions are not ex-
pert probability judgments. They are modality-specific affective distributions inferred from
facial and gestural pose evidence. Therefore, PMCI can be understood as a probabilistic
semantic-agreement measure applied to cross-modal affective evidence rather than as a
conventional feature-fusion method.

Recognition of emotions based on pose is the closest approach to the problem con-
sidered here, working with body movement and pose keypoints of the silhouette [19].
Movement of body pose is a significant nonverbal channel of affective communication, and
previous reviews address both psychological and computational approaches to perception
and recognition of bodily expression [21]. Kinematics and pose also play an important role
in emotion perception, which in general justifies the use of temporal derivatives as support
to pose coordinates [22]. Pose-estimation methods such as OpenPose further motivate the
use of body keypoints for visual behavior analysis [23]. Neuroscientific approaches also
show that bodily expressions carry affective meaning and can be effectively processed [24].

To address this issue, a two-stage probabilistic formulation is proposed. In the first
stage, each modality estimates a probability distribution over a shared set of learnable
prototype anchors. In the second stage, the consistency of the two modality-specific
distributions is compared to evaluate compatibility across modalities.

Although there are specialized problems involving audiovisual temporal alignment
and synchronization [25], these are different and distinct from the problem of short-window
consistency examined here. Koelstra et al. introduced DEAP, a multimodal benchmark
that illustrates practical issues in emotion analysis across heterogeneous signals [26]. More
directly, the visual analytics system EmoCo extracted emotions independently from several
modalities and examined their coherence over time [27], which conceptually motivates the
present approach [28].
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3. Methods
3.1. Datasets and Model Framework

We evaluated the proposed framework on two external video datasets: RAVDESS [29]
and MELD [30]. RAVDESS was used as a controlled acted-emotion dataset, allowing
subject-independent actor-level evaluation and emotion-controlled counterfactual analysis.
MELD was used as a noisy in-the-wild conversational dataset to test whether the proposed
consistency score remains informative under less controlled visual conditions. For the
revised experiments, the RAVDESS preprocessing cache was expanded to all 24 actors.
Instead of extracting a single 12-frame sequence from each source video, four temporal 12-
frame crops were extracted per source video. This produced 11,520 pose-derived RAVDESS
windows, split by actor into 8160 training windows, 1920 validation windows, and 1440 test
windows. MELD retained 402 pose-derived windows after filtering and was split by video
into training, validation, and test partitions. Because multiple temporal crops can originate
from the same source video, these windows are not treated as fully independent behavioral
samples. For this reason, additional source-video-aware controls were included, including a
one-window-per-source-video control and source-video/actor grouped bootstrap analyses.

The proposed approach is organized as a pose-based multimodal pipeline. The overall
workflow of the proposed PMCI framework is shown in Figure 1. Initially, facial and body
keypoints are extracted from video frames using YOLOVS, thereby enabling the evaluation to
be conducted more objectively. Subsequently, the obtained keypoint sequences are subjected
to normalisation and augmented with short-term temporal differences.

Facial and body modalities are encoded by separate GRU branches, after which their
latent representations are projected into a shared prototype-anchor space. The modalities
generate their own probability distributions across the shared learnable anchors, and the
resulting PMCI score is produced by quantifying agreement between the distributions via
Jensen-Shannon divergence. There are four distinct processing stages in the architecture:
pose extraction; temporal encoding; probabilistic prototype-anchor representation; and
estimation of cross-modal semantic agreement.

For each frame, we obtained pose keypoint features using an off-the-shelf YOLOv8
pose estimator [31]. We extracted face and body keypoints, represented as normalized
coordinates. The face pose at time  is represented as a 10-dimensional vector x} and the
body pose as a 24-dimensional vector xP. These coordinate features are enriched with
temporal derivatives. In our final setup, we included two past frames’ differences for each
keypoint coordinate. The augmented representations are formed as:

fio= [, X=X =X, b= [ =X, ) =X, M

yielding a 30-D face feature vector and a 72-D body feature vector per frame. All features
are standardized across the dataset.

As the design indicates, our method is explicitly pose-based: our feature vector is
defined using facial and body keypoint geometry and the short-term temporal changes in
their coordinates, but it lacks facial RGB texture, speech, vocal prosody, and text. Therefore,
the PMCI approach implemented in this paper should be regarded as a pose-derived
visual agreement model, and not as a fully multimodal affect recognition system. The
use of short-term temporal changes captures only the local motion within each analysis
window, and it is not meant to model either long-range affective dynamics or longer
temporal misalignments.
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Figure 1. General workflow of the proposed PMCI framework.

0

The use of the approach of collecting features obtained from pose, instead of using
raw RGB frames, is motivated by the necessity of more stable experimental control and
clearer interpretation of results. The use of direct raw RGB video, in which the model can
reach a high matching score by relying on such usual features as actor appearance, clothing
color, background, lighting, image texture or other shortcut-features of background level.
Such information can increase the effectiveness of cross-modal matching, but this does not
necessarily reflect affective consistency between face and body.

For this reason, in the present study a pose-based representation is used, it limits the
model to features more closely connected with nonverbal affective expression. Pose-based
representation focuses the analysis on the location of keypoints in the frame, body geometry,
pose and movement. These features are usually more suitable for analysis of facial-gestural
consistency, since affective expression manifests through configuration and dynamics.

Temporal derivatives allow the model to represent not only static positions of key-
points in space, but also short-term expressive dynamics, including direction of movement,
onset of movement, and local intensity of changes. In this sense, pose representation per-
forms the function of a controlled intermediate layer between raw observation of emotions
and probabilistic affective interpretation.

The use of keypoints also reduces the influence of color, texture, identity, and back-
ground cues. This is especially important for the present task because the model should
not match facial and gestural streams through actor identity or visual properties of the
scene. It should evaluate the extent to which the two modalities are consistent as expressive
channels. This design does not remove all possible shortcuts, but it substantially reduces
the risk that a high score is obtained from irrelevant visual correspondence.
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To model multimodal affective consistency, the proposed Probabilistic Multimodal
Consistency Network uses a dual-branch architecture. The facial branch encodes facial fea-
ture dynamics, while the gestural branch encodes bodily feature dynamics. Both branches
are then projected into a shared affective prototype space. Unlike direct latent match-
ing, the model does not force facial and gestural embeddings to coincide directly. In-
stead, each modality produces a modality-specific probability distribution over shared
affective prototypes.

The temporal encoders in this architecture are standard sequence-modeling components.
The Facial Encoder processes a sequence of 30-D face features {f;}L ; using a GRU [32]. The
Gestural Encoder processes a sequence of 72-D body /gesture features {b;}]_, using a parallel
GRU [32].

Our two branches output modality-specific latent representations, which are matched
using a common set of K learnable latent affective-agreement anchors. The resulting
similarity to each anchor is passed through a temperature-scaled softmax to generate
modality-specific probability distributions p' and p? . The hyperparameter K defines the
granularity of our shared prototype-anchor space; it is not intended to be regarded as
the number of distinct emotion categories in our emotion ontology, and each prototype
anchor is not guaranteed to have a one-to-one correspondence with an emotion in human
psychology. Rather, these prototype anchors are learned operational reference points that
we use to form our distributions for the purpose of agreement estimation. In our main
experiments, we tested K € {8,16,32} , while the K = 0 condition omits the anchor layer as
a baseline to measure direct embedding similarity rather than representing a PMCI model.
We also tested K ¢ {4, 8,16,32, 64} in stability checks to determine whether the anchor
space is too coarse- or fine-grained to produce stable agreement scores.

The methodological novelty lies not in the GRU itself, but in the formulation of cross-
modal comparison. In conventional matching approaches, two modalities are compared
by direct geometric proximity between embeddings. In the proposed model, facial and
gestural streams are first converted into probabilistic interpretations through a shared
prototype space. Consistency is then defined through Jensen-Shannon agreement between
pr and pp.

The two GRU branches produce latent affective representations:

zr = GRUF(f1.7),  zp = GRUp(b1.7). (2)

These latent representations are compared against the shared set of K learnable la-
tent affective anchors {Ck}szl- For each modality, anchor similarities are converted into
probability distributions via temperature-scaled softmax:

() exp(sim(zf,c)/7) k) exp(sim(zp,cx)/T)
pF - K 4 pB K ’ (3)
Z exp (sim(zF, C]')/T) Z exp (sim(zB,cj)/T)
j=1 j=1

where T > 0 is a temperature parameter controlling the sharpness of the prototype distri-
butions, and sim(-, -) denotes cosine similarity. Within the proposed probabilistic multi-
modal consistency framework, the Probabilistic Multimodal Consistency Index (PMCI) is
defined as:

PMCI(zf, zg) = 1 —JSD(pr || ps). (4)

where JSD(-||-) denotes the Jensen-Shannon divergence between the modality-specific
probability distributions inferred from the facial and gestural streams, respectively [33].
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The Jensen-Shannon divergence is chosen because it is symmetric, bounded, and
defined for discrete probability distributions over a common anchor space [33]. Therefore,
it is suitable for comparing the complete modality-specific probability distributions, rather
than simply the distance between two points. The selection of the Jensen-Shannon diver-
gence does not assume its uniqueness, and so we conducted further robustness checks
by evaluating other divergence and overlap measures including Hellinger distance, total
variation distance, probability dot product, and probability cosine. We want our prototype-
anchor space to be regarded as a latent operational agreement space that is not guaranteed
to have any preexisting semantically aligned emotion ontology. Our facial and gesture
GRU branches are trained to the same set of K learnable latent anchors, so we expect their
probability distributions to become more comparable using the pair consistency loss, but
this does not guarantee in a mathematical sense that each anchor in each modality has iden-
tical human-interpretable semantic meaning. We therefore validate this empirically using
our matched /mismatched pair evaluation, disruption control experiments, shuffle control
experiments, hard-negative test experiments, and prototype-anchor usage metrics. Note
that our model does not treat examples where pF and pB assign all of their mass to disjoint
anchors as errors or failures, but rather they indicate a low PMCI score corresponding to a
low degree of cross modal agreement.

The potential application of PMCI lies in uncertainty-aware human-computer interac-
tion. A classifier such as DirectCosine or LateFusionMLP can support exact pair matching
or emotion classification, while PMCI functions as an auxiliary diagnostic metric that evalu-
ates the congruence of emotional expressions conveyed through facial and bodily gestures.
A low PMCI score may signify ambiguity, masking, transience, or weak alignment. An
interactive system can use this information to delay an affective response, request human
intervention, or indicate uncertainty rather than forcing a single emotion label.

The complete training and evaluation procedure is summarized in Algorithm 1.

Algorithm 1 Training and evaluation procedure of the proposed PMCI framework.

Require: Facial sequence F, body sequence B, number of anchors K, temperature parameter
T, positive and negative facial-gestural pairs
Ensure: Trained facial encoder, gestural encoder, latent affective-agreement anchors, and
PMCI scores
1: Extract normalized facial and body pose keypoints from each video frame.
2: Construct temporal feature sequences using coordinate features and short-term tempo-
ral differences.
3: Form genuine facial-body pairs and mismatched negative pairs.

4: Initialize the facial GRU encoder, gestural GRU encoder, and K learnable latent affective-
agreement anchors.
5: for each training epoch do
6: for each mini-batch do
7: Encode the facial and body sequences using separate GRU branches.
8: Compare the resulting latent vectors with the shared anchor space.
9: Convert prototype similarities into modality-specific probability distributions.
10: Compute the PMCI score using Jensen-Shannon agreement.
11: Update model parameters by increasing PMCI for genuine pairs and decreasing
it for mismatched pairs.
12: end for
13: end for

14: Evaluate the trained model using ROC-AUC, PR-AUC, F1-score, MCC, and related
binary metrics.

The model was trained using a binary pair-consistency objective. Training used binary
cross-entropy with logits over a trainable affine transformation of the PMCI score for
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prototype-based variants, or of cosine similarity for the K = 0 baseline. Four negative
pairing schemes were implemented: cross-video mismatches, same-video hard negatives,
temporal-shift mismatches, and random shuffling. Optimization was performed using
AdamW [34].

The present evaluation does not treat temporal alignment as a separate sequence-
registration problem. Temporal-shift experiments are used as diagnostic perturbation
controls rather than as evidence that PMCI solves long-range temporal misalignment.
Therefore, the reported results should be interpreted as short-window facial-gestural
agreement estimates rather than as full temporal-dynamics modeling.

In the revised evaluation, performance was assessed using the following metrics: ROC—
AUC [35], PR-AUC, accuracy, balanced accuracy, precision, recall, F1-score, Matthews
correlation coefficient (MCC), and specificity. The computation of threshold-dependent
metrics was conducted on the basis of thresholds selected on the validation split, which
were subsequently applied to the test split.

3.2. Experimental Protocol and Controls

The evaluation was designed to separate exact pair discrimination from probabilistic
semantic consistency. First, subject-independent validation was performed on RAVDESS
using actor-level splits. Second, the method was evaluated on MELD as a noisy in-the-wild
condition. Third, cross-dataset transfer from RAVDESS to MELD was tested, together
with a target-domain adaptation curve using 0%, 10%, 20%, 50%, and 100% of the MELD
training subset.

To verify the presence of shortcut learning, we incorporated face-zero, body-zero,
and body-shuffle control experiments, along with a linear actor-identity classifier to assess
identity leakage. We also conducted balanced counterfactual experiments across true
pairs, same-emotion/different-actor pairs, same-actor/different-emotion pairs, different-
emotion/different-actor pairs, and random mismatches. All experiments were executed
using three random seeds, and results are reported as mean =+ standard deviation. The
experimental design, settings, and hyperparameters are summarised in Table 1 and the
configuration block that follows it.

Table 1. PMCI experimental design and evaluation protocol.

Evaluation Layer

Purpose Experimental Setting

Input and datasets

RAVDESS: 11,520 pose-derived 12-frame
windows from all 24 actors, using four
temporal crops per source video; split by actor
into 8160 train, 1920 validation, and 1440 test
windows. MELD: 402 pose-derived windows
after filtering; split by video.
DirectCosine_KO0, LateFusionMLP, PMCI_KS,

Define the pose-based evidence used in the
experiments

Separate exact pair matching from

Core model comparison

Anchor-space granularity

Pair-bank and hard-negative evaluation

Controls and robustness checks

probabilistic agreement estimation

Test the effect of K on PMCI behavior

Test PMCI under balanced and difficult
mismatch conditions

Test whether PMCI provides non-redundant
information

PMCI_K16, PMCI_K32, and

Direct+PMCI variants.

K controls the granularity of the latent
affective-agreement anchor space and is not
interpreted as the number of psychological
emotion categories.

Balanced pair-bank evaluation;
DirectCosine-mined hard negatives;
one-window-per-source-video control;
source-video and actor grouped bootstrap.
Shuffled-PMCI controls, random /untrained
controls, modality disruption, temporal
perturbation, identity-leakage analysis,
identity-excluded hard negatives, K-ablation,
tau sensitivity, initialization checks, latency,
and pose-perturbation checks.
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3.3. Reviewer-Oriented Stress Tests and Non-Redundancy Controls

In addition to standard evaluation metrics, we evaluated whether PMCI offers non-
redundant information beyond DirectCosine. A balanced test set of 48,000 pairs contained
24,000 genuine and 24,000 mismatched pairs. A separate hard-negative set contained
240 genuine pairs and 4800 hard negatives selected as the 20 most similar incorrect streams
under DirectCosine for each anchor. A multi-shuffle control with 100 shuffled-PMCI vari-
ants tested whether any improvement stemmed from real cross-modal structure rather than
additional feature dimensions. Fair hard-negative mining was also carried out using Di-
rectCosine, PMCI_KS8, and PMCI_K16 as mining targets. OOD perturbation tests included
complete modality removal, time reversal, time shift, and partial corruption.

The expanded RAVDESS cache increases the number of pose-derived windows and
includes all 24 actors, but multiple temporal crops from the same source video should not
be treated as fully independent behavioral samples. To address this issue, we added a
one-window-per-source-video control, in which only one randomly selected crop from each
source video was used during evaluation. We also report source-video and actor grouped
bootstrap analyses for hard-negative scores. These controls do not replace validation on
larger naturalistic datasets, but they reduce the risk that the reported effects are explained
only by repeated crops from the same videos. Overfitting risk was further limited through
actor-independent RAVDESS splits, video-level MELD splits, validation-based threshold
selection, pose-only features, and reviewer-oriented stress tests.

4. Results
4.1. Subject-Independent RAVDESS Validation

The revised evaluation was designed to distinguish exact pair matching from proba-
bilistic multimodal consistency. Results are reported in two complementary ways: whether
a model can discriminate genuine face-body pairs from mismatched pairs, and whether the
learned consistency score remains meaningful under subject-independent splits, modality-
disruption controls, identity-leakage analysis, cross-dataset transfer, and counterfactual
conditions. Unless otherwise stated, reported values are ROC-AUC scores averaged over
three random seeds.

Subject-independent validation on the expanded RAVDESS cache showed a clear
difference between direct pair matching and prototype-based probabilistic agreement
estimation. The no-prototype DirectCosine baseline (K = 0) achieved the strongest ordinary
exact pair-matching performance, with ROC-AUC = 0.943 and PR-AUC = 0.917. Among
PMCI variants, PMCI_K32 achieved the strongest standard pair-matching separation, with
ROC-AUC = 0.887, followed by PMCI_K8 and PMCI_K16. These results support the
intended interpretation of PMCI as an auxiliary diagnostic agreement index rather than as a
replacement for direct embedding similarity. Table 2 summarizes the expanded RAVDESS
standard pair-matching results.

Because the expanded RAVDESS cache contains four temporal crops per source video,
we performed an additional control to test whether the standard pair-matching pattern
was driven only by repeated windows from the same videos. In this control, one temporal
window was randomly selected from each source video, and the standard pair-matching
evaluation was repeated 100 times. The main pattern remained stable. DirectCosine_KO
achieved ROC-AUC = 0.942 plus-minus 0.009. PMCI_K16 achieved ROC-AUC = 0.807 plus-
minus 0.016, and PMCI_K32 achieved ROC-AUC = 0.893 plus-minus 0.012. The standard
pair-matching performance of DirectCosine_KO0 and the PMCI variants is visualized in
Figure 2. Thus, although the expanded cache increases the number of evaluated windows,
the standard pair-matching pattern is not explained only by repeated temporal crops
from the same source videos. The one-window-per-source-video control was used as a
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source-video-aware robustness check rather than as a separate model comparison. Its
purpose was to test whether the expanded RAVDESS cache artificially inflated the standard
pair-matching results through repeated temporal crops from the same videos. The results
are summarized in Table 3.

1.0 1 0.943 0917

Score

DirectCosine
KO K8 K16 K32

Model

I ROC-AUC | PR-AUC

Figure 2. Subject-independent RAVDESS validation: ROC-AUC scores for the direct cosine baseline
and PMCI variants across mismatch conditions.

Table 2. Expanded RAVDESS standard pair-matching metrics.

Model ROC-AUC PR-AUC  Positive Mean 1 c8afive
Mean
DirectCosine_KO0 0.943 0917 0.823 0.496
PMCI_KS8 0.851 0.814 0.715 0.365
PMCI_K16 0.805 0.737 0.743 0.409
PMCI_K32 0.887 0.847 0.823 0.397
Table 3. One-window-per-source-video control across 100 repeats.
Model ROC-AUC Mean ROC-AUC Std
DirectCosine_KO0 0.942 0.009
PMCI_K16 0.807 0.016
PMCI_K32 0.893 0.012

4.2. Modality-Disruption Controls

To verify that the evaluated scores respond to artificial disruption of the facial-gestural
relationship, we performed additional modality-disruption controls on the expanded
RAVDESS test split. These controls compare genuine face-body pairs against deliber-
ately disrupted counterparts, including random body replacement, temporal reversal, and
modality-zeroing conditions. Therefore, the values in this section should be interpreted as
disruption-detection controls rather than as the main expanded RAVDESS pair-matching
ranking reported in Table 2. The results show that random-body replacement produced
strong separation for all evaluated scores. DirectCosine_KO0 achieved ROC-AUC = 0.942,
while PMCI_KS8, PMCI_K16, and PMCI_K32 achieved ROC-AUC values of 0.838, 0.800,
and 0.893, respectively. Modality-zeroing controls were also separable from genuine pairs,
especially for DirectCosine_K0 and PMCI_K32. Temporal reversal was more difficult:
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face-only and body-only reversal produced weaker separation, and reversing both streams
was close to chance for DirectCosine_KO0, PMCI_K16, and PMCI_K32. This indicates that
the disruption controls do not simply measure model capacity, but capture different de-
grees of artificial mismatch severity. These results support the interpretation that PMCI is
sensitive to relational changes between facial and gestural streams, while also confirming
that not all perturbations are equally informative. In particular, random body replace-
ment and modality-zeroing create strong artificial disruptions, whereas temporal reversal
can preserve part of the short-window semantic structure. The results are summarized
in Table 4.

Table 4. Expanded RAVDESS disruption-control evaluation (ROC-AUC; true pairs versus dis-
rupted counterparts).

Normal Pair Both Time-
Model Matching Random Body Face Zero Body Zero Reversed
DirectCosine_K0 0.943 0.942 0.980 0.985 0.480
PMCI_K8 0.851 0.838 0.814 0.794 0.539
PMCI_K16 0.805 0.800 0.819 0.633 0.501
PMCI_K32 0.887 0.893 0.879 0.840 0.484

These disruption-control results should not be interpreted as showing that the model
performs better when a modality is removed. Rather, they show that genuine face-body
pairs are separable from artificially disrupted counterparts. The strongest separation
was observed for random-body replacement and modality-zeroing conditions, whereas
both-stream temporal reversal was close to chance for several models. This supports the
interpretation that PMCl is sensitive to relational disruption, while also showing that short-
window temporal reversal is a weaker perturbation than random replacement or complete
modality removal. The same disruption-control pattern is visualized in Figure 3.

Expanded RAVDESS disruption-control evaluation

1.0
Di'e':‘COSil'gg 0.943 0.942 0.980
0.9
e 0.838 0.814 0.8
] @]
o ]
° 3
= 0.7 ©
PMCI | o]
0.805 0.800 0.819 &
K16
0.6
PMCI |
K32 0.887 0.893 0.879
0.5
Normal pair Random Face Body Both time-
matching body zero zero reversed
Condition

Figure 3. Expanded RAVDESS disruption-control evaluation.

4.3. MELD In-the-Wild Validation

MELD was used as a noisier in-the-wild conversational validation setting [30]. Unlike
RAVDESS, which contains controlled acted emotional expressions, MELD includes shorter
conversational clips, more variable scene composition, less consistent body visibility, and
less controlled affective expression. Under within-dataset training and testing on MELD,
PMCI K = 8 achieved 0.755 % 0.007 AUC for cross-video mismatches and 0.750 & 0.012
for shuffled mismatches, indicating that the proposed consistency score can still separate
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genuine and mismatched face-body pairs in a noisy conversational setting. However, same-
video and temporal-shift conditions were more difficult, with AUC values of 0.641 4 0.086
and 0.627 £ 0.073, respectively. Results are reported in Table 5.

Table 5. MELD within-dataset validation using PMCI K = 8 (ROC-AUC, mean = std).

Mismatch Condition AUC

Cross-video 0.755 £+ 0.007
Same-video 0.641 £ 0.086
Temporal-shift 0.627 = 0.073
Shuffle 0.750 £ 0.012

The performance of PMCI on MELD should not be regarded as conclusive cross-
domain generalization, but as preliminary filtered in-the-wild validation. These results
suggest that PMCI can remain partially informative in selected MELD conditions, especially
for cross-video and shuffled mismatches. However, the weaker same-video and temporal-
shift results indicate that its reliability decreases under noisier naturalistic visual conditions.
This observation further reinforces the reading of PMCI as an indicator of brief-window,
distribution-level consensus, rather than as a robust temporal-alignment model or a general-
purpose emotion classifier. A better representation of the amount of temporal slippage
would require additional modalities such as speech and text, more context, or explicit
sequence-alignment modules.

4.4. Cross-Dataset Transfer and Adaptation

Cross-dataset transfer was evaluated by training on RAVDESS [29] and testing on
MELD [30]. The zero-shot transfer result was close to chance: with 0% MELD target-domain
adaptation, PMCI K = 8 achieved only 0.501 AUC for cross-video mismatch detection and
0.503 AUC for shuffled mismatches. This result indicates a substantial domain gap between
controlled acted-emotion videos and noisy in-the-wild conversational clips. It reinforces
that PMCI should not be interpreted as a universally domain-invariant consistency metric;
domain-aware adaptation remains necessary.

Target-domain adaptation improved performance modestly. With 10%, 20%, 50%,
and 100% MELD adaptation, cross-video AUC increased to 0.578, 0.573, 0.582, and 0.596,
respectively. Shuffle AUC similarly increased from 0.503 in the zero-shot setting to 0.593
with full MELD adaptation. However, the improvement saturated early and did not
approach within-domain MELD performance. The adaptation curve is demonstrated in
Figure 4 and Table 6.

0.625

Mismatch condition
=8~ Cross-video

Same-video
0.600 =& - Temporal-shift
&~ shuffle

Chance level

0.575

ROC-AUC
o
a
o

0.525 4

0.500

6 1‘0 2‘0 5‘0 160
Target-domain MELD training data (%)

Figure 4. RAVDESS-to-MELD adaptation curve: cross-video and shuffled AUC as a function of the
fraction of MELD target-domain training data used.
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Table 6. RAVDESS-to-MELD adaptation curve using PMCI K = 8 (ROC-AUC).
. Cross- Same- Temporal-
Target-Domain MELD Data Video Video Shift Shulffle
0% MELD 0.501 0.536 0.539 0.503
10% MELD 0.578 0.536 0.533 0.569
20% MELD 0.573 0.536 0.528 0.577
50% MELD 0.582 0.570 0.563 0.585
100% MELD 0.596 0.554 0.544 0.593

4.5. Balanced Counterfactual Evaluation

To ensure that PMCI functions as a semantic consistency measure rather than merely
as a video-pair detector, a balanced counterfactual test was conducted. In exact true-pair
discrimination, direct cosine was the strongest baseline, achieving 0.922 £ 0.019 AUC
for true pairs versus random mismatches and 0.885 % 0.025 for true pairs versus same-
actor/different-emotion pairs. In contrast, for the semantic identity-conflict condition (same
emotion, different actor versus same actor, different emotion), direct cosine demonstrated an
AUC of 0.294 £ 0.067, significantly below chance. PMCI with K = 8 achieved 0.623 4= 0.036
AUC on the same task, an improvement of 0.329. Thus, while direct cosine is highly effective
for exact pairwise discrimination, its efficacy diminishes when actor identity and affective
compatibility are juxtaposed; PMCI retains the capacity to assess affective compatibility in
these counterfactual scenarios. Because this test depends on actor/emotion metadata, it
should be regarded as an additional line of diagnostic evidence rather than the primary
validation of the proposed method’s superiority. Results are shown in Figure 5 and Table 7.

1.0
Model

—— K=0

0.9 K=8

—o— K=16

| —e— k=32

=== Chance level

0.922

0.885

14 0.589

D 0.6

< L
—

0.4+

0.34

0.2 T
Same emotion vs
different emotion
(different actor)

True pair vs
same actor /
different emotion

True pair vs
random mismatch

Same emotion vs
different emotion
(same actor)

Counterfactual comparison

Figure 5. Balanced counterfactual evaluation: ROC-AUC for direct cosine and PMCI variants across
counterfactual pair types.

Table 7. Balanced counterfactual evaluation (ROC-AUC, mean =+ std).

Direct Cosine

Counterfactual Comparison K=0 PMCIK =8 PMCIK =16 PMCIK = 32
Same emotion/different actor vs. different ) 509 | 5 067 0.549 + 0.013 0.547 + 0.033 0.541 + 0.055
emotion/different actor

Same emotion/different actor vs. same 0.294 + 0.067 0.623 = 0.036 0.455 + 0.111 0.558 + 0.101
actor/different emotion

True pair vs. random mismatch 0.922 +0.019 0.659 4+ 0.075 0.725 + 0.034 0.710 4+ 0.007
True pair vs. same actor/different emotion 0.885 4 0.025 0.679 - 0.074 0.671 +0.015 0.723 4+ 0.023
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4.6. Identity-Leakage Analysis

The actor-level leakage analysis shows that although prototype-based PMCI removes
some identity information, traces remain detectable. Leakage was highest with direct
cosine: a linear identity classifier achieved 0.891 = 0.002 balanced accuracy on concatenated
face-body embeddings. With PMCI, identity-prediction accuracy fell to 0.713 = 0.020,
0.691 £ 0.074, and 0.618 £ 0.067 for K = 8, 16, and 32, respectively. Prototype-based consis-
tency modelling can therefore reduce reliance on actor information without eliminating it.
PMCl is consequently treated as a less identity-dominated diagnostic consistency measure
rather than an identity-invariant representation. Results are shown in Figure 6 and Table 8.

1.0
—&— Face embedding
~&— Body embedding
—&— Face+Body embedding

0.891

0.9

=
®

Balanced accuracy
o
Q3

=
o

0.5 1

Lower is better (less identity leakage)

K=0 K=8 K=16 K=32
Model setting

Figure 6. Actor-identity leakage analysis: balanced accuracy of a linear identity classifier on face,
body, and face+body embeddings for each model variant.

Table 8. Actor-identity leakage analysis (balanced accuracy, mean =+ std).

. . Face + Body
Model Face Embedding Body Embedding Embedding
Direct cosine, K = 0 0.792 £ 0.008 0.780 £ 0.033 0.891 £ 0.002
PMCL K =8 0.531 £ 0.006 0.590 £+ 0.020 0.713 £ 0.020
PMCL K =16 0.551 £0.037 0.589 +0.073 0.691 £+ 0.074
PMCI, K = 32 0.517 £ 0.036 0.519 +0.043 0.618 £ 0.067

Overall, the results show that PMCI should not be interpreted as a universal replace-
ment for direct embedding similarity. Direct cosine remains stronger for exact pair discrim-
ination. The contribution of PMCI is different: it provides a probabilistic, interpretable, and
less identity-dominated consistency measure whose behavior remains meaningful under
modality dropout, domain shift, and counterfactual controls. These findings support the
use of PMCI as a diagnostic layer for multimodal affective consistency analysis rather than
as a purely discriminative pair-matching model.

4.7. Additional Non-Redundancy and Reviewer-Oriented Stress Tests

To assess the non-redundancy of PMCI vis-a-vis embedding similarity, we conducted
reviewer-oriented stress tests: hard-negative evaluation, shuffled controls, decile analysis,
and grouped bootstrap. These tests were designed to probe PMCI in cases where basic
embedding similarity has little discriminatory power. Across DirectCosine-mined hard
negatives, DirectCosine was at or marginally below chance (ROC-AUC = 0.484), whereas
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both PMCI_K16 and PMCI_K32 showed some degree of separation above chance (ROC-
AUC = 0.572 and 0.569, respectively), and DirectCosine + PMCI_K32 had a score of ROC-
AUC = 0.582. The magnitude of this increase is relatively small, although shuffled-control
and permutation tests suggest it was a genuine, statistically stable increase and does not
reflect the random contribution of another dimension. The grouped bootstrap across
the source video for the Direct + PMCI_K32 model was in the range of [0.569, 0.596].
Decile analysis provides a more diagnostic look at this same increase. The two lowest
PMCI_K32-score deciles were made up of no matched pairs, while the third decile had
94.4% mismatched. This suggests a possible explanation of low PMCI as a low-agreement
signal rather than a generic emotion classifier. For completeness, we performed identity-
shortcut controls by constructing hard negatives without the same source video as well
as same actor. In this case, DirectCosine showed strong discrimination, suggesting that
these hard cross-actor negatives are a different and unambiguous regime, not the same as
DirectCosine-mined hard negatives. PMCI_K32 was still informative (ROC-AUC = 0.800),
but this is an identity-shortcut check rather than primary evidence for non-redundancy.

4.8. Technical Checks

We ran additional tests to see if PMCI results might be due to arbitrary or unstable
parameter selection. These were not intended as an alternative model or new architecture,
but as additional analysis to determine sensitivity to initialization parameters, temperature
parameters, anchor usage, and pose estimation. Our first test was on initialization of the
latent anchors in the shared space. We used normal, uniform, Xavier, and orthogonal
initialization; all produced very similar PMCI patterns and scores, suggesting that PMCI
performance is not sensitive to a specific initialization. We also probed the temperature
parameter in the joint-softmax over the shared anchors. Moderate values for the temper-
ature parameter were sufficient to generate sensible, unimodal distributions, but larger
temperature values led to broader distributions with less informative JS scores. In other
words, the temperature parameter changes the sharpness rather than the identity of the
modalities. Computational performance was also measured, and the total pipeline required
10.46 ms/frame for YOLOvVS pose extraction, and 0.021 ms/window for PMCI_K32. This
suggests that PMCI calculation can be considered a low-cost operation once keypoints are
already extracted. We also inspected cases with low facial/gestural overlap. These cases
show a decreased PMCI, exactly as expected when pF and pB distribute the same anchor
probability mass to different regions of anchor space and have low JS agreement. That is,
PMCI is an agreement measure, and PMCI should not increase if the distributions do not
overlap. The number of prototype anchors was also verified. In neither of the baseline
K16 or K32 models did we encounter severe underutilization of the anchors. The anchor
model was sufficient to support the interpretation of PMCI as an indicator of distributional
compatibility rather than simply the probability of match to a prototype anchor. Lastly, we
tested PMCI robustness to noise in pose estimation. We found that mild keypoint jitter had
little impact on the score, whereas keypoint omission did impact performance, as expected
for keypoint-based analysis only. This confirms an explicit limitation in PMCI, namely
that PMCI requires high-quality keypoint annotation, and cannot make up for missing
modalities such as speech, vocal prosody, facial texture, text, or appearance.

5. Discussion

The results of this study show that probabilistic multimodal consistency should be
interpreted as a diagnostic measure of cross-modal affective agreement rather than as a
universal replacement for direct embedding similarity. The strongest exact pair-matching
performance was obtained by the no-prototype direct cosine baseline. However, this high
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discriminative performance comes with a cost: the learned representations retain stronger
actor-identity information.

The most significant additional finding is that when embedding-based similarity is
ambiguous, PMCI becomes a useful discriminator. For DirectCosine-mined hard negatives,
direct similarity was no longer informative, whereas PMCl-based gating recovered a dis-
criminative signal, suggesting that PMCI contributes non-redundant prototype-distribution
consistency information. The shuffled-PMCI control confirmed that this improvement was
not explained by additional features or classifier capacity: it disappeared when PMCI was
randomly shuffled and remained when real PMCI was used.

The main contribution of PMCI is a more controlled probabilistic formulation of
multimodal consistency. By representing facial and gestural streams as modality-specific
probability distributions over shared affective prototypes, PMCI provides an interpretable
score of whether the two modalities support compatible affective interpretations. The
identity-leakage analysis showed that prototype-based PMCI reduces actor-identity infor-
mation compared with direct cosine, although it does not eliminate it completely. This is
important for interpreting the results because a high pair-matching AUC alone does not
demonstrate that the model measures affective consistency: such a score may partly arise
from actor identity, individual motion style, recording conditions, or stable video-level
shortcuts. In exact pair discrimination, a model may successfully determine that facial and
bodily streams belong to the same video segment, but this success does not necessarily
mean that it has captured the compatibility of the expressed affective state.

The present study therefore considers exact matching of face and gesture pairs and
semantic affective consistency as related but distinct tasks. Direct similarity can be highly
effective for determining whether facial and bodily streams originate from the same seg-
ment; however, such effectiveness may partially rely on identity-sensitive information.
PMCT has a different goal: it evaluates whether the two modalities support a compatible
affective interpretation at the level of probability distributions. Such framing is consistent
with perceptual studies showing that facial and bodily affective signals are rapidly and
contextually integrated in human emotion perception [6-8]. Meeren et al. reported early
neural integration of facial and bodily emotional information, while Aviezer et al. showed
that body cues can dominate facial cues under intense affective conditions [6,7]. Lecker et al.
further demonstrated bidirectional contextual influence between facial and bodily expres-
sions [8]. In this context, the present computational results support the view that face-body
consistency is not merely a fusion problem, but a measurable cross-modal relation.

The findings indicate that PMCI tackles a distinct problem from established method-
ologies in multimodal affective computing. Fusion, attention-based alignment, and
latent-representation matching improve emotion classification or downstream-task
performance [14-16]. In contrast, PMCI asks whether facial and gestural streams have
affectively compatible interpretations. This differs from asking whether a fused model
improves recognition, because such a model may be dominated by one modality. PMCI
directly addresses consistency between facial and gestural modalities.

The comparison with the direct cosine baseline demonstrates a clear trade-off. Direct
cosine remains a stronger method for the exact determination of matching face-body
pairs, especially under subject-independent validation on RAVDESS [29]. However, the
identity leakage analysis shows that such efficiency is partly connected with actor-specific
information. PMCI does not replace direct similarity; rather, it provides a more controlled
probabilistic signal that is less dominated by identity features. Such behavior is especially
noticeable in the balanced counterfactual setting, where PMCI with K = 8 showed better
results in the identity—emotion conflict condition when comparing pairs with the same
emotion but different actors against pairs with the same actor but different emotions.
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The control experiments with modality disruption additionally confirm this interpre-
tation. When facial information, body information, or the correct matching of the body
stream was removed, the effectiveness dropped. This shows that the indicator depends
specifically on the relationship between facial and gestural streams, and not on one separate
modality alone. For a measure of multimodal consistency, such results are important.

The MELD results show that PMCI can remain informative in noisy in-the-wild con-
versational clips, but that the consistency signal is domain-sensitive [30]. Zero-shot transfer
from RAVDESS to MELD was close to chance, and target-domain adaptation improved
performance only modestly, indicating a substantial domain gap between controlled acted-
emotion videos and unconstrained conversational scenes. Therefore, PMCI should not be
claimed to generalize universally across datasets without domain-specific validation.

The use of Jensen—-Shannon divergence remains appropriate for the proposed formu-
lation because it compares full probability distributions rather than unconstrained latent
vectors, and is symmetric and bounded [33]. However, the present results also show that
this probabilistic interpretation should be evaluated together with shortcut controls.

Despite the limited number of independent source windows, the additional analyses
demonstrate the stability of the PMCI effect under reviewer-oriented stress conditions.
Most notably, PMCl-based gating recovers a discriminative signal in DirectCosine-mined
hard negatives where direct embedding similarity is uninformative. Real PMCI also consis-
tently outperformed shuffled PMCI, so the gain cannot be attributed solely to additional
feature dimensions. The revised analysis therefore supports PMCI as a reliable, non-
redundant diagnostic consistency indicator while acknowledging that it does not surpass
direct similarity in routine exact pair matching.

A straightforward numerical comparison with existing multimodal emotion-recognition
findings is not possible here, since most comparable studies report emotion-classification
accuracy or Fl-score on audio-visual and audio-textual test sets, while in this work we
report the pose-based cross-modal agreement and ability to discriminate exact versus
shuffled pairs. Therefore, the most comparable comparisons in this study are internal:
DirectCosine and LateFusionMLP constitute traditional exact pair matching methods, and
the shuffled, random, untrained, and disruption conditions are used to determine if PMCI
provides additional diagnostic utility. The results should hence be interpreted as demon-
strating an additional agreement index for multimodal emotion recognition rather than as a
demonstration of best-in-class performance in the recognition of emotion from audiovisual
or audio-only inputs.

To contextualize the magnitude of the reported values, it is important to compare
them with prior multimodal emotion-recognition results only cautiously. Most related
studies report emotion-classification accuracy or Fl-score, whereas the present work re-
ports ROC-AUC for face-body pair-consistency and cross-modal agreement discrimina-
tion. For example, a multimodal RAVDESS emotion-recognition study based on speech
and facial information reported 80.08% accuracy under subject-wise cross-validation [36],
while multimodal deep-learning work on affective physiological data reported 83.25%
mean accuracy on DEAP [37]. These values are not directly interchangeable with the
ROC-AUC values reported here, because the underlying tasks, modalities, and evalu-
ation protocols differ. Nevertheless, they provide a useful scale: the DirectCosine_KO0
result on expanded RAVDESS (ROC-AUC = 0.943) is consistent with the expectation that
controlled RAVDESS-style settings allow strong discrimination, whereas PMCI variants
(ROC-AUC = 0.805-0.887) remain below the strongest exact-matching baseline but within
a meaningful diagnostic range. By contrast, the hard-negative Direct+PMCI_K32 result
(ROC-AUC = 0.582) should be interpreted separately, because it reflects a deliberately
difficult DirectCosine-mined diagnostic setting rather than ordinary emotion classifica-
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tion or standard pair matching. Therefore, the comparison with the literature supports
the intended interpretation of PMCI as an auxiliary agreement index rather than as a
general-purpose emotion-recognition model.

The present study also had other limitations. First, although the updated experiments
address, they do not eliminate the limitation of sample non-independence, as 11,520 pose-
derived 12-frame windows were created from all 24 actors in the RAVDESS database by
extracting four temporal crops per video from each actor, and thus multiple windows
from a video cannot be considered independent behavioral samples. As such, we used a
one-window-per-video control and a source video/actor grouped bootstrap for validation.
These analyses provide some additional support for the stability of the main pattern, but
additional studies, with more independent source videos, more variation in behavior,
additional modalities, and naturalistic datasets, are needed for further validation.

Second, direct embedding similarity remains stronger for ordinary exact pair match-
ing, so PMCI should not be presented as a universally superior classifier. Third, actor
identity information is reduced but not eliminated. Fourth, zero-shot cross-dataset transfer
remains weak. Fifth, the temporal-shift protocol should be interpreted as a short-window
semantic perturbation rather than as a test of fine-grained synchrony. Finally, the number of
prototype anchors is selected empirically, and future work should evaluate richer modality
sets, stronger cross-domain adaptation methods, and more explicit semantic supervision.

Our final limitation concerns modality scope. This version of PMCI only considers
pose-based facial and body keypoint data and does not take into account modality infor-
mation including speech, text, vocal prosody, facial details, or full RGB video appearance.
This choice limits the extent of identity and background shortcuts that can develop, but
it also constrains the types of conclusions that are possible. In that sense, the PMCI that
is evaluated in this paper can most accurately be described as a facial-gestural agreement
measure based on pose, rather than a full multimodal emotion understanding system. Fi-
nally, another limitation concerns temporal modeling. Our temporal modeling is restricted
to local differences in coordinates across short time windows in the present study, rather
than explicit modeling of affective dynamics, delayed cross-modal response, or complex
temporal misalignment over longer time intervals. Future studies can build on our PMCI
approach with more explicit temporal alignment methods, longer sequence modeling, and
more diverse multimodal channels.

Overall, the results suggest that PMCI is most useful as a diagnostic layer for mul-
timodal affective consistency analysis. It should complement, rather than replace, direct
embedding similarity. Direct cosine is better suited for exact pair matching, whereas PMCI
provides a probabilistic, interpretable, and less identity-dominated measure of whether
facial and gestural streams support compatible affective interpretations. Recent in-the-
wild studies of co-speech gestures further support the need for realistic body-dynamics
modeling in natural interaction settings [38].

From a theoretical standpoint, PMCI operates distinctly from fusion models, attention-
based alignment architectures, straightforward cosine similarity, and LateFusionMLP. Fu-
sion and alignment techniques primarily optimise downstream recognition or represen-
tation alignment, while DirectCosine and LateFusionMLP serve as strong pair-matching
baselines. PMCI uniquely assesses whether facial and gestural modalities yield mutu-
ally consistent affective interpretations through prototype probability distributions. The
additional reviewer-oriented evaluations are summarised in Table 9.

Although our revised experiments do not wholly resolve the sample independence
issue, they do lessen its impact. For instance, we augmented the RAVDESS cache to incor-
porate 11,520 pose-derived 12-frame windows from each of 24 RAVDESS actors, using four
temporal crops of each source RAVDESS video. Still, some windows in this cache could
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originate from the same source video and, as such, are not fully independent behavioral
samples. For this reason, we included one-window-per-source-video control analyses
and analyses involving grouped bootstrap resampling by source video/actor. While our
analyses suggest a stable main pattern, broader validation will still be necessary via larger
naturalistic datasets with more source videos, richer gesture variability, and additional
modalities. PMCI’s present implementation also remains pose-based. While we leverage
facial and body keypoint geometry along with coordinate differences over short temporal
windows, our implementation does not incorporate speech, text, vocal prosody, facial
texture, or full-color RGB appearance. Consequently, the current findings support PMCI'’s
validity as a pose-derived facial-gestural agreement index rather than as a multimodal
emotion-understanding system as a whole. Cross-domain transfer is also limited, par-
ticularly for MELD. In zero-shot mode, RAVDESS-to-MELD transfer nearly performs at
chance, and even the best target domain adaptation results only yield modest gains in
performance for PMCI. Thus, we should not conceive of the current PMCI approach as a
domain-invariant universal consistency measure. Another limitation concerns the semantic
interpretability of the learned prototype anchors. While the prototype layer enables the
definition of a structured probability space for comparing facial and gestural evidence,
our learned prototype anchors should not be considered verified psychological emotion
categories. As we mentioned previously, the hyperparameter K defines the granularity of
the latent agreement space rather than the number of distinct emotions in our model. Addi-
tional work should assess prototype interpretability through external annotations, expert
ratings, cluster visualizations, and cross-dataset semantic validation. The MELD results
should be viewed with more skepticism. Given the pose-only nature of the current PMCI
implementation’s performance against naturalistic image noise, limited body visibility, and
quality of the pose-derived sample windows, we should only consider MELD a prefiltered
in-the-wild test rather than proof of large-scale cross-domain performance robustness.

Table 9. Summary of additional reviewer-oriented PMCI evaluations.

Evaluation Results Interpretation
Expanded RAVDESS standard DirectCosine_KO0 = 0.943; Direct similarity remains stronger for
pair matching PMCI_K32 = 0.887 ordinary pair matching
Qne—wmdow—per—source— PMCI K32 = 0.893 = 0.012 Pattern is not explained only by
video control repeated crops
DirectCosine-mined hard necatives Direct = 0.484; PMCI provides modest but stable
& Direct+PMCI_K32 = 0.582 diagnostic gain
. . Two lowest K32 deciles contain 100% Low PMCI works as a
Decile analysis . N
mismatches low-agreement warning signal

Strict identity-excluded
hard negatives

PMCI remains informative under

PMCI_K32 = 0.800 identity- shortcut control

6. Conclusions

This study introduces a probabilistic approach for assessing affective consistency
between facial and gesture-based cues in interactive environments. Rather than framing
multimodal analysis strictly as recognition or feature fusion, PMCI evaluates the extent to
which affective interpretations derived from each modality align to establish a coherent
cross-modal affective condition. Facial and bodily streams are processed separately and
mapped to probability distributions over a shared set of latent affective-agreement anchors,
and their coherence is quantified using Jensen-Shannon divergence. The experimental
analysis indicates that PMCI should be regarded as a diagnostic consistency metric rather
than as a complete substitute for direct embedding similarity.
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Although DirectCosine and LateFusionMLP remain stronger baselines for standard ex-
act face-body correspondence, the reviewer-oriented evaluation shows that PMCI provides
a provided complementary diagnostic information under more rigorous test scenarios.
PMClI-based gates improved discrimination in a comprehensive balanced pair bank and
recovered signal from DirectCosine-mined hard negatives after conventional embedding
similarity had become unreliable. The shuffled-PMCI validation further supports the
methodology: performedabove shuffled-control variants, confirming that the improve-
ment cannot be attributed simply to increased feature dimensionality or classifier capacity.
Moreover, 1 — PMClI serves as an information-geometric indicator of inconsistency. Taken
together, these findings support PMCI as a bounded, distribution-level assessment of
cross-modal disagreement.

PMCI nevertheless remains domain-sensitive. Zero-shot transfer from RAVDESS to
MELD was negligible, and target-domain adaptation yielded only modest gains. PMCI
therefore should not be claimed to apply universally across datasets without appropriate
domain-specific validation. Its merit lies not in universality or superiority over embedding
similarity, but in providing an additional diagnostic instrument for determining whether
distinct modes of expression yield mutually congruent affective cues. Such a tool is
particularly important in interactive contexts, where confusion, emotional suppression,
hesitation, or transitional affective states may convey more salient information than a single
emotion label.

Future research should examine PMCI on larger and more heterogeneous face-body
video collections, retain source-video and emotion-label information throughout prepro-
cessing, and incorporate a wider range of modalities. Further work should develop stronger
domain-adaptation methods, PMCI variants that capture fine-grained temporal synchrony
(including lag-sensitive or trajectory-based formulations), and real-time implementations
for uncertainty-aware affective computing. The present conclusions are limited to facial and
body-pose features and short-term motion patterns; they do not extend to comprehensive
affective behaviour inferred from raw RGB video.

Overall, we characterize PMCI as a prototype-based probabilistic diagnostic for as-
sessing cross-modal affective consistency. The findings from the augmented RAVDESS
experiments and the additional controls that account for the source video suggest that
PMCI does not serve as a proxy for embedding similarity in the usual setting of matching
pairs; however, it does offer a small yet statistically reliable agreement signal in the setting
of hard negatives and low agreement. Going forward, it would be useful to examine
whether PMCI generalizes to bigger, naturalistic datasets, to settings with more diverse
modalities, and to longer sequences.
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The following abbreviations are used in this manuscript:

PMCI Probabilistic Multimodal Consistency Index
EC Emotion Congruence (operational consistency score)
GRU Gated Recurrent Unit
JSD Jensen-Shannon Divergence
AUC Area Under the ROC Curve
RAVDESS Ryerson Audio-Visual Database of Emotional Speech and Song
MELD Multimodal EmotionLines Dataset
RGB Red-Green—-Blue
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