JOURNAL OF KX CLASS FILES, VOL. 18, NO. 9, SEPTEMBER 2020

PersoMoni: A Comprehensive Video-Based
Benchmark Dataset for Fine-grained Personality
Assessment with 15 Trait Dimensions

Feng-Qi Cui, Jinyang Huang*, Sirui Zhao, Kun Li, Zhi Liu, Meng Li,
Ziyu Jia, Dan Guo*, Meng Wang, Fellow, IEEE

Abstract—Understanding personality from visual behavior re-
mains challenging due to the limitations of existing personal-
ity trait identification (PTI) benchmarks, which are typically
based on short, crowd-annotated clips and thus capture only
coarse, impressionistic judgments. These datasets lack temporal
continuity, clinical validity, and, crucially, the fine-grained sub-
trait structure emphasized in psychological assessment. To ad-
dress these gaps, we introduce PersoMoni, a clinically grounded
benchmark designed for fine-grained, temporally rich personality
computing. The dataset contains 168 full-length psychological
interviews conducted by licensed counselors, producing over
23000 aligned facial video segments. Each participant is an-
notated using the full BFI-2 taxonomy, providing continuous
labels for five major traits and, for the first time, fifteen
validated sub-traits, which marks the first benchmark to extend
personality granularity from 5 to 15 dimensions. This design
enables long-horizon modeling, regression-based evaluation, and
detailed analysis of subtle behavioral markers in ecologically
valid settings. Leveraging this benchmark, we reveal two lim-
itations of current PTI systems, i.e., limited sensitivity to sparse
and weak but psychologically meaningful behavioral cues, and
modeling difficulty to inter-individual variability across long
interactions. To tackle these issues, we propose PSM-Net, a
personality-aware sparse modeling framework that couples 3D
CNN-based encoding with sparsity-driven temporal refinement
to enhance trait-discriminative signals. Extensive experiments
across compensatively diverse architectures, i.e., 2D CNNs, 3D
CNNs, and Transformers, show that the proposed method con-
sistently outperforms existing approaches on both the Big Five
traits and all fifteen BFI-2 sub-traits. The dataset and source
code are released at https://github.com/QIcita/PersoMoni.

Index Terms—Personality Trait Identification, Fine-grained
Behavioral Modeling, Video-based Personality Computing,
Sparse Temporal Learning.
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UTOMATIC Personality trait identification (PTI) from

visual behavior has become a key emerging direction
in affective computing [1], [2], reflecting a broader shift
from traditional expert-driven assessments toward scalable and
behavior-informed intelligent diagnosis. Although the Big Five
Personality Traits (BFPT) model provides a robust theoretical
foundation [3]], conventional methods using these guidelines,
e.g., self-report inventories and structured clinical interviews,
still remain labor-intensive, subjective, and thus difficult to de-
ploy at scale. These limitations correspondingly catalyze grow-
ing interest in computational approaches that infer personality
directly from naturalistic cues, including facial dynamics [4]-
[6], prosody [7], and other nonverbal behaviors [2], [8].
Personality judgment and social perception research suggests
that these cues are not deterministic indicators of personality,
but observable behavioral signals, from which relatively stable
trait tendencies can be partially inferred across social interac-
tion contexts [9]], [10]]. This transition from manual evaluation
to data-driven auto behavioral modeling enables more efficient
psychological screening, further supports remote and real-time
assessment, and opens new opportunities in mental health [[11]],
[12], human—computer interaction [[13]], [[14], and personalized
intelligent systems [[15]-[/17].

Despite progress, current research in personality computing
remains constrained by several important limitations. Most
widely used benchmarks, e.g., the ChalLearn First Impres-
sions dataset [18]], are built from short, socially constrained
video clips with crowd-annotated labels. As a result, they
often reflect superficial first-impression judgments rather than
deeper personality structure. Moreover, from a psychological
perspective, personality is more likely to be expressed through
subtle nonverbal cues unfolding over time, including gaze
regulation, micro-expressions, hesitation behaviors, speech
rhythm, and postural shifts [[19]. However, pioneer state-of-the-
art (SOTA) short-video benchmarks often lack the temporal
depth needed to capture stable and psychologically meaningful
behavioral patterns. Although thin-slice and zero-acquaintance
studies indicate that brief observations can reflect certain
personality cues [20], such clips are usually insufficient for
fine-grained personality inference, which relies on richer and
more sustained behavioral evidence [21].

Beyond the limited temporal depth discussed above, existing
SOTA datasets also suffer from insufficient label granularity.
Most of them provide only coarse trait-level annotations,
neglecting the fine-grained sub-trait dimensions specified in
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personality regression task pipeline.

established personality assessment frameworks such as BFI-2
[22]. As a result, they are less able to support interpretable
personality analysis and clinically meaningful prediction [23].
Importantly, BFI-2 is not merely a descriptive extension of
the Big Five, but a psychometrically validated hierarchical
instrument that structures broad personality domains into more
specific facet-level traits to enhance bandwidth, fidelity, and
predictive utility [22]. Therefore, existing benchmarks fall
short in two important ways, i.e., they do not provide enough
temporal richness to capture stable behavioral patterns, nor
enough label granularity to represent nuanced personality
structure. These two deficiencies together constrain the ability
of computational models to learn psychologically meaningful
personality signals, while increasing the risk of overfitting to
surface-level cues or dataset-specific biases [24].

To address these limitations, we introduce Personality Mon-
itoring Dataset (PersoMoni), a structured benchmark tai-

lored for fine-grained video-based personality computing.
As shown in Fig. [T} PersoMoni is built on 168 full-length
psychological interviews conducted by licensed counselors
under semi-structured protocols, enabling rich and naturalistic
social interactions. Such a setting is more appropriate for
eliciting trait-relevant nonverbal behaviors than short, highly
constrained, or crowd-sourced videos . Unlike previous
datasets, PersoMoni provides expert-validated personality an-
notations based on the BFI-2 taxonomy [25]|, covering con-
tinuous scores for five higher-order traits and fifteen clin-
ically meaningful sub-traits. In addition, the interviews are
segmented into over 23000 high-resolution face-aligned video
clips. These characteristics make PersoMoni distinct in three
aspects, i.e., long-duration naturalistic interaction, expert-
grounded hierarchical labeling, and fine-grained personality
modeling. As a result, it can support a broader range of tasks,
including behavioral dynamics research, trait regression, se-
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quence modeling, and interpretable personality analysis, which
further promote the implementation of affective computing.

Considering that prior deep personality recognition models
typically use temporal modeling mechanisms, they inevitably
fail to capture the sparse, irregular patterns through which
personality-related behaviors appear [26]. To overcome these
limitations from pioneer methods, building upon this dataset,
we further develop Personality-aware Sparse Modeling Net-
work (PSM-Net), a sparse-aware modeling network that ex-
plicitly models the dynamic and selective nature of personality
expression. Specifically, PSM-Net integrates spatiotemporal
representation learning via lightweight 3D convolutions [27],
[28], sparse temporal selection inspired by efficient video
modeling methods to accommodate inter-individual variability
in movement style, expressiveness, and facial appearance.
Then, by emphasizing personality-salient segments while sup-
pressing redundant frames, the model is able to focus on the
subtle yet stable behavioral markers that reflect underlying
personality structure.

By combining clinically reliable annotations, naturalistic
long-duration videos, fine-grained trait structure, and dedi-
cated temporal modeling techniques, PersoMoni and PSM-
Net finally build a new benchmark for personality computing
in high dimensions. This work not only demonstrates SOTA
predictive performance but also opens new research directions
in interpretable, psychologically grounded video personality
analysis, which enables more reliable computational assess-
ment of complex human traits in real-world settings.

Totally, our contributions can be summarized as follows:

o We introduce PersoMoni, a large-scale video-based per-
sonality dataset that comprises 168 full-length psycho-
logical interviews conducted by licensed counselors.
Each participant is annotated with expert-validated BFI-
2 personality scores, completely covering both the Big
Five and 15 sub-traits. Unlike prior short-clip or crowd-
sourced datasets, PersoMoni try to capture long-form,
naturalistic social behavior with clinically meaningful
trait structure, thus establishing a rigorous foundation for
interpretable personality computing.

o We propose PSM-Net, a novel framework that models
personality expression as a sparse, selectively activated
behavioral process. To accommodate inter-individual
variability in expressiveness and behavioral style, the
network organically integrates 3D spatiotemporal encod-
ing, sparsity-driven temporal refinement, and dynamic
instance normalization. This design enables the model to
focus on subtle, psychologically salient cues distributed
across extended interactions.

o A comprehensive benchmark protocol is established to
evaluate models across both high-level Big Five traits
and fine-grained BFI-2 sub-dimensions. Extensive ex-
periments across multiple video backbones demonstrate
that our method consistently surpasses strong baselines,
confirming the value of clinically annotated long-duration
videos and the effectiveness of our sparse temporal per-
sonality modeling approach.

II. RELATED WORK
A. Psychological Foundations of Visual Personality Inference

In personality psychology, traits are generally viewed as
relatively stable dispositional tendencies rather than directly
observable momentary states. While personality itself is not
directly visible, it is often expressed through recurring patterns
of social behavior and interpersonal interaction [29]. This
provides the theoretical basis for visual personality inference,
where observable nonverbal behaviors are used as behavioral
manifestations of underlying trait tendencies.

Studies on personality judgment and social perception sug-
gest that facial expressions, gaze, head movements, and in-
terpersonal style can convey personality-relevant information,
particularly when sufficient interactional context is available
[20], [21], [30]. In this sense, visual cues should not be treated
as direct representations of personality, but as behavioral
evidence from which stable trait tendencies may be inferred
[10]. Moreover, BFI-2 provides a psychometrically validated
hierarchical framework that represents both broad personality
domains and finer facet-level traits. Using this framework
allows the proposed benchmark to remain grounded in estab-
lished personality assessment practice while supporting more
interpretable and fine-grained computational modeling [25].

B. Personality-related Tasks and Datasets

Personality trait identification (PTI) aims to infer inter-
nal psychological traits from externally observable behav-
iors, digital traces, or multimedia content [31]], [32]. Within
computational psychology, the BFPT framework remains the
dominant target space due to its cross-cultural robustness
and hierarchical organization [25]]. Accordingly, PTT models
typically predict either continuous trait scores or discretized
personality labels from multimodal observations [33].

The development of annotated benchmarks has substantially
advanced audiovisual PTI, from early short self-introduction
and social-media videos [18]], [24]] to more naturalistic inter-
action settings and richer multimodal cues [23], [34]. Related
resources have also incorporated physiological or affective
signals, extending PTI toward broader multimodal personality
analysis [35]-[37].

Despite these advances, existing personality datasets still
present three major limitations. First, most video samples
remain short and socially constrained, which makes it diffi-
cult to capture the temporally distributed behavioral patterns
relevant to personality expression [38]. In addition, crowd-
sourced annotations often reflect first-impression judgments
rather than clinically grounded assessments [39]. Second,
current benchmarks usually focus on coarse Big Five traits
and rarely incorporate hierarchical sub-trait structures, lim-
iting their usefulness for fine-grained and psychologically
interpretable personality analysis [25], [40]]. Third, many ex-
isting resources lack structured interaction scenarios, expert
evaluation, and sufficient attention to demographic variation,
resulting in limited interpretability and weak alignment with
psychological and clinical practice [[15], [41]], [42].

To address these limitations, we introduce PersoMoni, a
clinically grounded personality dataset collected from con-
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Fig. 2: Distribution of the BFI-2 personality traits in the PersoMoni dataset.

trolled psychological interview scenarios. PersoMoni incor-
porates professionally administered BFI-2 assessments [25]],
enabling analysis of both the Big Five traits and 15 sub-traits.
It is built from long-form psychological interviews and further
segmented into face-centered clip samples for model training.
This design preserves the behavioral richness of extended
interactions while providing localized observational units for
learning personality-relevant temporal cues. Compared with
prior short-video or crowd-annotated resources, this design is
better aligned with the observation of trait-relevant behavioral
regularities over time, and thus supports more reliable, inter-
pretable, and psychologically grounded personality recognition
under naturalistic interaction settings.

C. Personality Information Processing Methods

Alongside the development of PTI benchmarks, personality
analysis methods have evolved from handcrafted social signal
modeling toward deep, data-driven behavior understanding.
Early approaches mainly relied on manually designed au-
diovisual descriptors, e.g., facial action units, gaze, prosody,
and interaction patterns [43|], and used linear regression or
Support Vector Machines (SVM) to map these features to
personality ratings [44]. Although informative, such methods
offered limited capacity for modeling temporal dynamics and
fine-grained behavioral variation.

With the rise of deep learning, CNN-based models be-
came widely adopted for extracting visual cues from frames
or short clips, while tools such as OpenFace improved the
reliability of behavior-related measurements through facial
landmarks, head pose, and Action Units [45], [46]. Static-
image personality studies further showed that appearance
cues may carry personality-related signals, but their predictive
capacity remains inherently limited by the lack of temporal
context [44]], [47]. Because personality-related judgments are

typically supported by sustained behavioral patterns rather than
isolated visual snapshots [20], [21]], [48], temporal modeling
has become central to video-based PTI. Early systems used
RNNs and GRUs to aggregate short-frame sequences [43]],
while later methods introduced attention-based selection and
audiovisual fusion to highlight psychologically salient mo-
ments and improve robustness [24]], [49], [50]]. More recent
architectures adopted hybrid classification—regression designs,
semantic alignment modules, and Transformer-based modeling
to capture longer-range dependencies [[17], [S1]-[53].

Despite this progress, existing PTI methods still face two
important challenges. On the one hand, current benchmarks
often provide only coarse trait supervision, making it diffi-
cult to support fine-grained and psychologically interpretable
inference. On the other hand, long-form behavioral sequences
contain substantial redundancy, while personality-relevant cues
are often weak, sparse, and unevenly distributed over time.
This motivates the need for a modeling framework that can
both exploit long-range behavioral evidence and selectively
emphasize personality-salient temporal patterns. To this end,
our work introduces a clinically grounded benchmark together
with a sparse temporal personality modeling framework that
explicitly captures long-term behavioral stability while miti-
gating spurious correlations.

III. NEW DATASET

A. Data Collection, Processing and Annotation

Modeling fine-grained personality traits from visual signals
is challenging because relevant cues are often subtle, weak,
and temporally distributed. In addition to the scarcity of
suitable benchmarks, it is difficult to ensure both behavioral
naturalness and annotation reliability in data collection. In
this work, the long-form interview serves as the behavioral
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Trait-Trait Pearson Correlation Matrix

Fig. 3: Pearson correlation matrices among personality dimen-
sions in the PersoMoni dataset.

source context, while short contiguous clips are used as local
observational units for model training.

Existing data collection paradigms generally fall into two
categories. The first involves assigning personality labels to
characters in pre-existing video materials, e.g., movies or
vlogs. While this approach benefits from rich contextual cues
and spontaneous behaviors, it suffers from uncontrolled cine-
matographic bias, non-neutral character roles, and fragmented
editing. The second strategy adopts controlled laboratory
environments, where participants are instructed to perform
personality-related expressions or are exposed to emotion-
inducing stimuli [54]. Although such settings allow better
control over experimental variables, they often yield exagger-
ated or suppressed behaviors that lack ecological validity and
conversational context.

1) Data Collection: In contrast, as shown in Fig. [T] b,
to balance behavioral naturalness and annotation precision,
we adopt a semi-structured psychological interview protocol.
Each participant engages in an interactive interview with
a licensed psychological counselor, who poses open-ended
questions concerning self-concept, interpersonal relationships,
and personal values. This setting provides a relatively natu-
ral and semantically rich interaction context, while avoiding
the role bias of edited media and the artificiality of highly
scripted laboratory tasks. Furthermore, prior to the interview,
participants complete the SCL-90 [55] and BFI-2 to assist
in tailoring the questioning. Through real-time feedback and
follow-up guidance, the counselor facilitates authentic verbal
and nonverbal expression, including spontaneous smiles, gaze
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Fig. 4: Statistical distributions of Big Five personality traits
across different age demographics in PersoMoni.

shifts, facial muscle movements, and head posture changes.
In particular, these behaviors are treated as observable cues
distributed across interaction, rather than as isolated facial
events directly mapped to stable traits.

During the interview, all participants are recorded using
front-facing cameras and remain seated in a natural posture
throughout the session. The framing ensures full coverage of
facial expressions and eye contact with temporal continuity
and spatial alignment, enabling reliable downstream visual
analysis. This recording setup reduces viewpoint variation and
preserves continuous behavioral streams for subsequent face-
centered temporal modeling.

2) Data Processing: After data collection, each full-length
interview video is further converted into face-centered visual
samples for subsequent modeling. In this process, the facial
region of the participant is automatically localized frame by
frame, and temporally consistent face crops by YOLO [56]
are extracted and normalized into a unified spatial format.
We then organize these processed facial frames into short
clip units for downstream learning. This processing reduces
irrelevant variations in background and camera geometry while
preserving the temporal continuity of facial and gaze-related
behaviors, thereby providing more focused local observations
of personality-relevant nonverbal cues.

3) Data Annotation: After the interview, personality anno-
tations are conducted following the BFI-2 taxonomy, com-
prising both five broad personality traits and 15 sub-traits.
To reduce labeling errors, two psychology professionals in-
dependently annotate each full-length interview. To ensure
annotation consistency, we adopt a three-stage quality control
protocol, i.e., individual scoring, cross-review, and consensus
discussion in case of disagreement. Final scores are obtained
by averaging the two raters’ assessments of each full-length
interview. By combining structured interview elicitation with
expert BFI-2 scoring at the full-interview level, the dataset
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links observable behavioral evidence to clinically meaningful
and hierarchically organized personality labels.

B. Dataset Statistics and Properties

1) Distribution of the personality values: PersoMoni con-
sists of 168 participants, each contributing one full-length
psychological interview video. Ethical approval was obtained
prior to data collection, and all participants provided informed
consent for academic use of their data. All recordings were
captured using 1080p front-facing cameras at 30 frames per
second, with durations ranging from 20 to 30 minutes. To
support computational modeling, all videos were processed
into face-centered clip samples through face detection and
temporal segmentation, yielding over 23000 clips. As shown in
Fig.[Th, each interview is annotated with a 20-dimensional per-
sonality score vector based on the BFI-2 framework, covering
five higher-order traits, i.e., Extraversion, Agreeableness, Con-
scientiousness, Negative Emotionality, and Openness, together
with their 15 corresponding sub-traits. The final labels are
provided by two licensed psychologists through independent
assessment and obtained by averaging their scores.

The dataset demonstrates several desirable properties for
fine-grained personality modeling. First, the annotation pro-
cess is clinically grounded, relying on professional assessment
rather than crowd-based impressions, ensuring interpretability
and psychological validity. Second, the label structure is fine-
grained and hierarchical, enabling both coarse-level and trait-
specific analysis. Third, the use of long-form, continuous
interview sessions preserves rich temporal dynamics, captur-
ing subtle and evolving behavioral cues that are difficult to
observe in short clips. Additionally, the dataset includes a
demographically balanced set of participants, with 86 females
and 82 males, spanning various age groups and educational
backgrounds, which enhances model generalization. Finally,
the distribution of personality scores across all traits is ap-
proximately normal, covering a wide range of values. This
supports not only continuous regression-based modeling, but
also potential trait discretization and classification.

To further illustrate the label characteristics, Fig. 2] vi-
sualizes the normalized distributions of all 20 traits. The
five broad traits exhibit generally symmetric and well-spread

distributions, while the sub-traits present more diverse pat-
terns. These characteristics confirm that PersoMoni offers a
structured yet diverse personality space, making it well-suited
for both general and trait-specific PTIL.

2) Trait Correlation Structure of Personality: To assess the
psychological validity of PersoMoni, we analyze the correla-
tion structure of both the aggregated Big-Five domains and
the fifteen BFI-2 sub-traits. Fig. [3] presents the corresponding
Pearson correlation matrices across all subjects, revealing a
clear block structure consistent with the hierarchical organiza-
tion of BFI-2. This pattern provides an internal validity check
for the annotation scheme, suggesting that the collected ratings
preserve the expected psychometric organization of the BFI-2
framework. Specifically, sub-traits belonging to Extraversion,
Agreeableness, and Conscientiousness show strong positive
correlations within each group, indicating coherent and stable
behavioral patterns captured by expert annotations. Besides,
consistent with the BFI-2 framework [22f], [25]], Anxiety,
Depression, and Emotional Volatility form a distinct cluster
within the Negative Emotionality domain. These traits are
systematically and negatively correlated with positive traits,
e.g., Sociability and Responsibility. Such patterns mirror the
established psychometric distinction between the affective
vulnerability inherent in Negative Emotionality and the adap-
tive emotional functioning characteristic of Extraversion and
Conscientiousness [57], [58]].

Overall, these correlation structures indicate that PersoMoni
preserves stable and theoretically aligned personality relation-
ships. This supports the reliability of the expert annotations
and provides a sound basis for modeling trait dependencies
and multi-dimensional personality inference.

3) Age-Related Personality Distribution Patterns: To fur-
ther examine the population-level psychological properties of
PersoMoni, we visualize the distributions of the Big Five traits
across five age groups using violin plots in Fig. 4| Overall, the
observed age-related patterns are broadly consistent with prior
lifespan personality research. Specifically, Neuroticism shows
a gradual decline from adolescence to mid-adulthood, followed
by greater variability in older age, echoing previous findings
that negative emotionality tends to decrease across adulthood
despite some cross-sample heterogeneity [59]. Agreeableness
and Conscientiousness increase steadily with age and become
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more stable in middle-to-late adulthood, in line with widely
reported developmental trends for these traits [60]. Openness
exhibits a mild inverted-U pattern, peaking in early-to-mid
adulthood and declining later in life, which also agrees with
earlier evidence of relatively higher openness in younger adults
and lower levels in older adults [61]. Extraversion remains
comparatively stable across the lifespan, although older adults
show slightly greater dispersion, consistent with prior work
suggesting that age-related variation in Extraversion is gen-
erally weaker or less uniform than that of Agreeableness and
Conscientiousness. Taken together, these age-dependent distri-
butional patterns suggest that PersoMoni captures meaningful
personality development trends, supporting both the reliabil-
ity of its annotations and its value for studying personality
variation across age groups.

C. Task Definition

Given a video sequence V' = {I3, I, ..., It} captured from
a psychological interview, where I; denotes the t-th frame
and T is the total number of frames, the goal of fine-grained
personality recognition is to learn a mapping function f(-)
that predicts a continuous personality trait vector Y e RP.
Here, D = 5 or 15 corresponds to the total number of BFI-2
taxonomy, comprising both five broad personality traits and
fifteen associated sub-traits.

Thus, the task is formulated as a multi-dimensional regres-
sion problem and can be represented as:

Y = f(V39), (D

where 6 denotes the learnable parameters of the model. Each
component §j; € Y represents the model’s estimation of the
extent to which a specific trait is expressed in the behavioral
dynamics within V. The ground-truth label Y € RP is
obtained from professional annotations based on full-session
observations, and the goal is to minimize the discrepancy
between Y and Y using Mean Squared Error (MSE) loss.
Our goal is to develop a model that captures these distributed
temporal signals and encodes them into semantically meaning-
ful representations, enabling accurate regression of both global
and trait-specific personality scores from behavioral videos.

D. Baseline Models

To provide a comprehensive benchmark for fine-grained
personality regression, we evaluate seven different represen-
tative models that are widely used for visual representation
learning in affective computing. From a methodological struc-
ture perspective, these baseline models span three architectural
paradigms as follows:

2D CNN-based methods: ResNet18, ResNet18+LSTM, and
ResNet5S0+LSTM extract spatial features from individual
frames, with LSTM variants modeling temporal dependencies
across frame sequences.

3D CNN-based methods: R3D and X3D capture short-
term spatiotemporal patterns directly through 3D convolutions
applied over stacked video frames.

Transformer-based methods: VideoMAE and TimeSformer
adopt attention-based architectures to model long-range tem-
poral dependencies across full video clips.

To ensure a fair comparison, we preserve the original back-
bone of each model while appending a standardized regression
head, which consists of a fully connected layer mapping
visual features to a 5 or 15-dimensional BFI-2 personality
score vector. Furthermore, all models are trained using the
same supervision setup and loss function, enabling direct
performance comparison across personality dimensions.

E. PSM-Net framework

To construct fine-grained personality representations from
long-term facial behavior sequences, we propose PSM-Net.
The pipeline first segments each full interview video into
fixed-length clips and employs a 3D CNN to extract local
spatiotemporal features from each clip, capturing subtle mo-
tion and expression dynamics. The clip-level features are then
concatenated into a long sequence and fed into the proposed
Sparse Temporal Modeling Module (STMM), which selec-
tively enhances behavior signals most relevant to personality
traits. Subsequently, the features are aggregated and refined
through a BILSTM and a self-attention layer. Finally, to
regress continuous personality scores, a lightweight temporal
averaging layer and a fully connected prediction head are
applied, covering both the 5-dimensional Big Five traits and
the 15 BFI-2 sub-traits. The overall architecture of PSM-Net is
illustrated in Fig. [I] c.

1) Sparse Temporal Modeling Module: Long-form facial
behavior sequences often contain substantial redundancy,
where many actions are weakly related to personality traits.
In contrast, diagnostically meaningful cues tend to be sparse,
unevenly distributed, and expressed across multiple temporal
scales. To address this challenge, we introduce the Sparse
Temporal Modeling Module (STMM), which comprehensively
extracts personality-relevant behavioral structures through
channel-wise sparsification, hierarchical temporal modeling,
and a polarity-aware attention mechanism, as illustrated in
Fig. 5] First, given a 3D CNN-encoded sequence:

X = {x},, X e RTxC, )

where T is the temporal length and C is the channel di-
mension, STMM first applies a channel attention module to
estimate an implicit importance distribution:

s=a(Wap(W19(X))), 3)

where ¢(-) denotes temporal global average pooling, W7 €
RE*C/ and Wy € RE/7C are learnable projections with
reduction ratio r, ¢(-) is a nonlinear activation, and o(-) is a
sigmoid function producing channel-wise importance scores
s € R, A Top-k sparse channel selection then identifies
behavior-relevant channels:

mi =1(si 2 7,(s)), i=1,...,C, “)

where p € (0,1) is the sparsity ratio and 7,(s) denotes the
threshold that selects the top pC' channels. The resulting sparse
representation is:

Xs=X0Om, )
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where © denotes channel-wise Hadamard product with tempo-
ral broadcasting. Before temporal modeling, STMM performs
mean-centering, i.e., subtracting the temporal mean of Xj
to suppress global activation bias and emphasize dynamic
variations: ~

Xs = X — p(Xs).

The local stage models short-term micro-dynamics via an
LSTM: 3
H; = LSTM(X,), (6)

where H; € RT*? is the locally encoded sequence.

After modeling fine-grained micro-dynamics, it remains
necessary to address challenges such as cross-segment tem-
poral misalignment and the asymmetric expression of positive
and negative behavioral patterns, both of which are prevalent
in personality-related behaviors. Although conventional self-
attention can capture global dependencies, it treats positive and
negative activations uniformly and thus struggles to character-
ize the “polarized dynamics” typical in personality expression
(e.g., approach vs. avoidance, positive vs. negative affective
tendencies). To more effectively distinguish polarity-specific
temporal patterns and enhance long-range dependency model-
ing, STMM introduces a polarity-aware attention mechanism
in the global stage. First, linear projections generate queries,
keys, and values:

Q. K,V = f(H), )

where f(-) is a learnable linear layer. To separate positive
and negative activation patterns, STMM decomposes ) and
K using ReL.U-based polarity operators:

Q" =ReLU(Q), @~ = ReLU(-Q), (®)
Kt =ReLU(K), K =ReLU(-K), (9

corresponding to the polarity-based kernel mappings ¥ ()
and U~ (+). Same-polarity and opposite-polarity alignments are
computed as:

A = QHEN)T+Q(KT)T,
A°PP — QJr(Kf)T + Qf(KJr)T.

(10)
1)

A learnable fusion factor « € [0, 1] balances the two compo-
nents:

A= A% 4 (1 — ) A%, (12)

A softmax operation yields normalized attention weights:
A = Softmax(A), (13)

and the global representation is obtained via:
H, = AV. (14)

To enforce temporal compactness and generate structured
trajectories, STMM employs a conv—linear transformation:

Z = fseg(Hg)7 (15)

where fieg(-) is implemented by a 1D convolution that com-
presses short temporal windows into segment-level descriptors.
A reconstruction module:

Y = frecon(Z)7 (16)

consisting of a linear projection followed by an LSTM, re-
stores a temporally aligned sequence.

Finally, a global baseline is added to stabilize inter-
individual variation:

X =Y +p(X), (17)

where p(X) denotes the temporal mean of the original in-
put sequence. Overall, by integrating sparse channel gating,
hierarchical temporal modeling, and polarity-aware attention,
STMM effectively distills stable and personality-relevant dy-
namic cues from highly redundant behavioral sequences.

Validation MSE

model
Mean | Neu. Agre. Con. Ope. Ext
resnetl8 [62] 0.3508 | 0.4602 0.2504 0.3773 0.3549 0.3115
resnet] 8+LSTM [63]|0.3496 | 0.4738 0.2365 0.3954 0.3540 0.2882
resnet50+LSTM [63]]0.3299 [ 0.4341 0.2351 0.3344 0.3187 0.3270
R3D [64] 0.344310.4708 0.2572 0.3749 0.2994 0.3192
X3D [65] 0.3186 | 0.3869 0.2214 0.3882 0.2651 0.3311
VideoMAE [66] |0.3177]0.3914 0.2258 0.3906 0.2596 0.3212
TimeSformer [[67] [0.3166|0.3839 0.2244 0.3934 0.2580 0.3235

PSM-Net (Ours) ‘0.3135‘0.3857 0.2186 0.3632 0.2812 0.3188

TABLE I: Quantitative comparison of validation MSE on the
five higher-order personality traits from the BFI-2 framework.

2) Temporal Aggregation and Personality Regression: After
filtering and enhancing the raw clip-level features by STMM,
the model obtains a compact and personality-relevant behav-
ioral sequence. Then, to further integrate long-range temporal
dependencies and produce a stable personality representation,
PSM-Net adopts a lightweight yet effective temporal aggrega-
tion pipeline. More specifically, the sequence is first processed
by a BiLSTM, which captures forward—backward contextual
cues essential for personality expression. Compared with a
unidirectional structure, the BiLSTM better models continu-
ous behavioral transitions commonly observed in interview
scenarios, e.g., gradual shifts in facial tension or sustained
engagement patterns, leading to smoother and more coherent
temporal representations. Next, a lightweight self-attention
module is introduced to adaptively assign importance weights
to different temporal segments. This mechanism highlights
behavior segments that convey stronger personality cues while
suppressing sporadic or noisy movements. Finally, to derive
the global personality descriptor, PSM-Net applies temporal
average pooling to the enhanced sequence, yielding a length-
invariant and semantically stable feature vector. This vector is
then fed into a linear prediction head to produce continuous
personality scores.

IV. EXPERIMENTS
A. Evaluation Metrics

We evaluate model performance using the MSE, a standard
metric for regression tasks. Given the predicted score §j; ; and
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‘ Validation MSE
model .. . .
‘ M ‘ Neuroticism Agreeableness Conscientiousness Openness Extraversion
ean
Soc. Ass. Ene. | Com. Res. Tru. | Org. Pro. Res. | Anx. Dep. Emo. | Int. Aes. Cre.

resnet18 [Igl] 0.4670(0.6709 0.2697 0.4757(0.2839 0.2695 0.3616|0.4036 0.4232 0.5296|0.3460 0.4134 0.8936|0.3884 0.6721 0.6045
resnet] 8+LSTM [63]1{0.4412(0.5599 0.2990 0.5018{0.3329 0.2395 0.3628|0.3847 0.3944 0.5414|0.2916 0.3997 0.7948|0.3694 0.5790 0.5677
resnet50+LSTM [63]1{0.4314/0.5302 0.2888 0.4500(0.2849 0.2746 0.3781|0.4047 0.4182 0.5168|0.2692 0.3959 0.8092|0.3529 0.5559 0.5410
0.4383|0.4707 0.2906 0.4912{0.3204 0.2677 0.3780(0.3679 0.4092 0.5348(0.2799 0.3833 0.7499|0.3630 0.7022 0.5653
0.4317|0.5443 0.2939 0.4563]0.2970 0.2643 0.3653|0.3900 0.3700 0.4974/0.2967 0.3965 0.8316|0.3433 0.5685 0.5600
0.4186|0.5118 0.2890 0.4498]0.2826 0.2742 0.3669(0.3981 0.3970 0.5102|0.2739 0.3741 0.7535|0.3239 0.5522 0.5218
TimeSformer [67] [0.4182]0.5112 0.2898 0.4496|0.2821 0.2739 0.3670{0.3952 0.3931 0.5086|0.2740 0.3739 0.7574/0.3227 0.5511 0.5236

PSM-Net (Ours) ‘0.4175‘0.5432 0.2873 0.4425/0.2824 0.2641 0.3637|0.3966 0.3867 0.5084(0.2709 0.3824 0.7097|0.3244 0.5763 0.5245

TABLE II: Validation MSE results across the 15 BFI-2 sub-traits.

T | Big>  Sub-15 p | Big5 Sub-15 Variant Big-5  Sub-15
8 | 03200 04256

0.25 0.3198 0.4246 Transformer Encoder 0.3178 0.4213
16 | 03135 04182
2 | 03146 0417S 050 | 03135 04175 wlo Polarity-aware Attn. | 0.3159  0.4190
2 | 03168 04207 075 | 03157 04191 Full PSM-Net | 03135 0.4175

TABLE III: Effect of temporal input

length T' of PSM-Net. of PSM-Net.

Age-group MAE

sample_mae

18-30 30-45

age_group

45-60 60+

Fig. 6: Age-group MAE comparison across five demographic
intervals.

ground-truth score y; ; for the j-th personality trait of the i-th
sample, MSE is computed as:

1 N2
MSE = ND Z Z@i,j - Z/z‘,j)Q,

i=1 j=1

(18)

where N is the total number of test samples and D = 5 or 15
corresponds to the full set of BFI-2 traits. Particularly, a lower
MSE indicates better regression accuracy across both global
and fine-grained traits.

B. Implementation Details

In the PersoMoni dataset, we uniformly sample 16 frames
from each clip as the input sequence during training. The
dataset split is performed strictly at the participant level while

TABLE IV: Effect of sparsity ratio p

TABLE V: Ablation on temporal modeling
and polarity-aware attention in PSM-Net.

Gender-wise MAE

sample_mae
o o ° ° o
~ W s o o

o
=

0.0-

Male

gender Female
Fig. 7: Gender-wise MAE analysis between male and female
subjects.

all clips from the same participant are assigned to only one
subset, and there is no subject overlap across the training, and
test sets. Each frame is resized to 112 x 112 pixels before
being passed through a 3D ResNet-18 encoder.

We train the model using stochastic gradient descent (SGD)
with an initial learning rate of 0.001, momentum 0.9, and
weight decay 0.05. A cosine learning rate scheduler with
linear warm-up over the first 5 epochs is used. The model
is trained for 80 epochs with a batch size of 8. For data
augmentation, color jitter is applied with a strength of 0.4,
while no additional random crop or horizontal flip is used in
the current implementation. All experiments are implemented
in PyTorch and conducted on a single NVIDIA A6000 GPU.
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Error Distribution
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Fig. 8: Overall error distribution of personality score regres-
sion on the PersoMoni dataset.

C. Experimental Analysis

1) Overall Results: We evaluate our method against several
representative baseline architectures, covering 2D CNNs, 3D
CNNs, and Transformer-based models. The corresponding
experimental results are summarized in Tab. [I] and Tab. [[I}
which demonstrate a consistent performance hierarchy, i.e.,
2D CNN models tend to underperform compared to 3D CNNSs,
while Transformer-based architectures achieve stronger results
due to their superior temporal modeling capacity. Considering
that this trend is broadly consistent with existing findings
in video-based affective computing research, it supports the
validity of our dataset for eliciting personality-related signals
at multiple temporal scales. From Tab. [I] and Tab. [, we
observe that our proposed method outperforms all baselines
across most of the 5 or 15 personality traits, especially in
sub-traits associated with emotional regulation and interper-
sonal behavior. It shows strong capabilities in capturing fine-
grained temporal dynamics through the integration of sparse
temporal modeling and dynamic normalization. Furthermore,
these components contribute to better generalization across
both global and local trait levels.

Our method not only achieves the best overall prediction
accuracy but also exhibits more stable performance across
all traits compared to baseline models. While Transformers
demonstrate powerful capacity in high-level traits like Open-
ness and Extraversion, they often struggle with emotionally
subtle sub-traits. In contrast, our model maintains strong
regression fidelity in both categories, indicating improved
robustness and interpretability.

Overall, these results support the effectiveness of the
proposed PSM-Net framework and suggest that the Per-
soMoni dataset provides a reliable foundation for benchmark-
ing fine-grained personality trait recognition under realistic
and clinically meaningful conditions.

2) Age-group Robustness Analysis: To evaluate the stability
of the model across different age populations, we partition the
test set into five age intervals and compute the MAE indexes
for each group. As shown in Fig. [6] the results show that the
MAE values across different age groups remain consistently
low and close to each other, indicating strong robustness
with respect to age distribution. The 0 — 18 group exhibits
slightly higher error, which may be attributed to greater
facial variability among adolescents, stronger fluctuations in
personality scores, or a smaller number of samples in this

3
: .

1 2 3 4 5

Fig. 9: Joint probability density distribution between model
predictions and ground-truth personality scores.

age range. In contrast, the 60+ group achieves slightly lower
error, suggesting that older samples do not introduce additional
noise. Nevertheless, the model maintains stable predictive
accuracy across age groups without displaying any notable
age-related bias.

3) Gender-wise Performance Comparison: Since gender
imbalance may introduce systematic bias in affective and
personality prediction models, we further examine perfor-
mance across male and female subjects [41]. We further
examine model performance across gender. By grouping the
test samples into male and female, we compare the MAE
values between these two groups, as shown in Fig. [/| The
performance gap between genders is minimal, and the con-
fidence intervals of the MAE values substantially overlap.
This indicates that the model does not exhibit any signifi-
cant gender-related prediction bias. Apparently, this finding
demonstrates desirable fairness in the gender dimension, as
the model achieves comparable prediction accuracy for both
male and female samples. Given that gender imbalance can
easily introduce distributional bias in personality regression
tasks, the observed stability also highlights the robustness of
our approach and the completeness of the dataset.

4) Error Distribution Characteristics: To gain deeper in-
sight into the overall prediction bias, we plot the histogram
of absolute errors together with the kernel density estimation
curve. As depicted in Fig. [§] the results reveal that most
errors fall within the 0.2-0.5 range, indicating that the model
achieves relatively high accuracy for the majority of samples.
Meanwhile, the error distribution shows a clear long-tailed
pattern, i.e., although large-error samples (greater than 1.0)
are rare, they do exist. These outliers may be caused by noise
in facial expressions or inherent subjectivity in personality
annotations, all of which inevitably make certain samples par-
ticularly difficult to fit. Nevertheless, this distribution confirms
the model’s strong general stability, while also suggesting po-
tential improvement directions, e.g., hard-sample augmentation
and more robust feature modeling.

5) Prediction—Ground Truth Joint Distribution: The joint
scatter—density visualization in Fig. [0 depicts the global
relationship between predicted and ground-truth personality
scores. Most samples cluster tightly within a dominant high-
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Conscientiousness

Agreeableness

True 0
True 0
True 0

True 1
|
True 1
True 1
|

' .
Pred 0 Pred 0

Pred 1 Pred 1

Fig.

density region, indicating that the model captures the overall
mapping between facial behavior and personality traits. Com-
pared with the ground-truth distribution, the predicted values
exhibit a slightly narrower spread, suggesting reduced variance
in the model outputs. The density center lies marginally
above the ground-truth center, implying a mild overestimation
tendency rather than underestimation. In addition, a few low-
density islands appear around the main cluster, revealing that
extreme or noisy samples still cause localized deviations.
Overall, the distribution shows that the model fits global
personality tendencies well, while modeling fine-grained in-
dividual differences remains a challenge.

6) Big Five Personality Classification Application: To fur-
ther assess the applicability of our dataset to personality
recognition tasks, we conduct binary classification experiments
under the Big Five personality framework. We divide each
Big Five personality trait into two categories, high and low,
using the median score of each personality category, and
visualize the results using confusion matrices for each trait.
Fig. [I0] presents the confusion matrices of binary person-
ality prediction across the five Big Five traits. Overall, the
classification structures exhibit consistent patterns, with clear
diagonal dominance across most traits, indicating that the
visual behavioral cues in the interviews contain sufficient
information to distinguish between high and low personality
levels. The prediction distributions are relatively balanced
across classes, suggesting the absence of major bias toward
either positive or negative categories.

Among the five traits, Neuroticism shows the weakest
separability, with more mixed entries in the confusion ma-
trix, which aligns with the known difficulty of estimating
internalized emotional tendencies purely from visual signals.
Nevertheless, all traits maintain structurally similar confusion
matrices, implying that video-based behavior conveys cross-
dimensional consistency in personality-related expressions. As
personality scores are continuous and subjective by nature,
borderline samples inevitably lead to some misclassification
in the binarized setting. These errors most likely arise from
the inherent ambiguity near the decision threshold rather than
model deficiencies.

7) Ablation on Key Hyper-parameters: We further analyze
two key hyper-parameters in our framework, namely the tem-
poral input length 7" and the sparsity ratio p, and additionally
provide a compact ablation on the temporal modeling module.
As shown in Tab. [T} using too short a temporal window
leads to inferior performance on both tasks, suggesting that
limited temporal context is insufficient to capture subtle and

Openness

Extraversion Neuroticism

0.23

True 0
True 0

True 1
True 1
|

Pred 1 Pred 0 Pred 0

Pred 1 Pred 1

10: Confusion matrices of binary personality prediction across the five Big Five traits.

distributed nonverbal cues related to personality. Increasing the
input length improves the regression results, but the optimal
temporal span is slightly task-dependent, indicating that fine-
grained sub-traits may benefit from slightly richer temporal
context than broader trait dimensions.

We next examine the effect of the sparsity ratio p in the
Top-k selection module. As reported in Tab. [V} overly small
p values cause noticeable performance degradation, while
overly large p weakens the benefit of sparse selection by
retaining too many redundant features. A moderate sparsity
ratio achieves the best balance between preserving informative
behavior patterns and suppressing irrelevant variations.

Consistent with this trend, Tab. M further shows that replac-
ing the proposed temporal modeling module with a standard
Transformer encoder leads to inferior performance, while
removing the polarity-aware attention also results in a con-
sistent drop. Overall, these results support our design choice
that personality-related cues are sparse but not isolated, and
therefore benefit from moderate temporal coverage together
with selective sparse modeling and polarity-aware attention.

V. CONCLUSION

In this paper, we present PersoMoni, a structured and clini-
cally grounded video-based personality computing benchmark
dataset. This dataset contains 168 full-length psychological
interview videos with expert-annotated scores across 20 per-
sonality traits based on the BFI-2 framework. Compared to
existing resources, PersoMoni offers high-resolution temporal
segmentation, continuous regression labels, and a rich spec-
trum of interpersonal and emotional expressions, thereby en-
abling more interpretable and fine-grained personality analysis
and further supporting various potential tasks, e.g., behavioral
dynamics research, trait regression, sequence modeling, and
interpretable personality analysis under naturalistic conditions.
To leverage this dataset, we propose PSM-Net, a Personality-
aware Sparse Modeling Network that integrates 3D CNNs for
spatial-temporal encoding, and sparse modeling for temporal
structure refinement. Extensive experiments on both Big-Five
and sub-trait regression tasks demonstrate the effectiveness of
our method in capturing subtle personality-related signals and
outperforming several competitive baselines.

VI. FUTURE RESEARCH DIRECTIONS

As for our future works, several promising directions can
further advance fine-grained personality computing. First,
PersoMoni can be further enriched with more fine-grained
annotations, such as behavior-level labels, interaction patterns,
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and temporally localized personality-related events, so as to
better connect global trait scores with interpretable behavioral
evidence. Second, incorporating hierarchical structures be-
tween high-level and sub-traits can better model the semantic
correlations defined in personality taxonomies like BFI-2.
Third, future work should explore the use of large multimodal
models for long-video personality understanding, since they
may better capture long-range temporal dependencies, inter-
action semantics, and cross-event behavioral consistency in
full-length interviews. Meanwhile, given the current subject
scale of PersoMoni, future work should further expand the
number and diversity of participants and improve annotation
granularity to better support deep spatiotemporal modeling and
reduce potential overfitting risks. Finally, future efforts should
also explore multimodal extensions, real-world robustness, and
interpretability, enabling broader deployment in psychologi-
cally grounded applications.
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