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Abstract

Automatic real personality recognition (RPR) aims to eval-
uate human real personality traits from their expressive be-
haviours. However, most existing solutions generally act as
external observers to infer observers’ personality impressions
based on target individuals’ expressive behaviours, which sig-
nificantly deviate from their real personalities and consis-
tently lead to inferior recognition performance. Inspired by
the association between real personality and human internal
cognition underlying the generation of expressive behaviours,
we propose a novel RPR approach that efficiently simulates
personalised internal cognition from external short audio-
visual behaviours expressed by target individual. The simu-
lated personalised cognition, represented as a set of network
weights that enforce the personalised network to reproduce
the individual-specific facial reactions, is further encoded as
a graph containing two-dimensional node and edge feature
matrices, with a novel 2D Graph Neural Network (2D-GNN)
proposed for inferring real personality traits from it. To sim-
ulate real personality-related cognition, an end-to-end (E2E)
strategy is designed to jointly train our cognition simulation,
2D graph construction, and personality recognition modules.
Experiments show our approach’s effectiveness in capturing
real personality traits with superior computational efficiency.

Code — https://github.com/xk0720/DeepPersonality

Introduction
Human personality represents distinctive patterns of
thoughts, emotions and behaviours defining individuals
(Corr and Matthews 2020), shaped by intricate cognitive
processes (VandenBos 2007). While accurately understand-
ing human real personality is crucial for various real-world
applications such as personalizing human-computer interac-
tion (HCI) systems (Norman 2017), job recruitment (Cole
et al. 2009) and mental illness diagnosis (Jaiswal, Song,
and Valstar 2019), traditional self-reported questionnaires or
projective tests-based personality recognition are frequently
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Figure 1: Upper: Existing methods play the role of an
external observer to directly infer personality impressions
from the individual’s external behaviours. Lower: Our novel
method simulates personalised cognition Θτ of individual τ
by enforcing a personalised network FRGΘτ to reproduce
τ ’s facial reactions in response to audio-visual inputs, and
then infers real personality from the simulated cognition Θτ .

limited by subjective self-assessments and psychologists’ in-
consistent interpretations (Tuber 2012; McDonald 2008).

Since personality can be partially reflected by human ex-
pressive behaviours (e.g., facial expressions and speeches
(Naumann et al. 2009)), previous studies have developed au-
tomatic, objective and repeatable models according to indi-
viduals’ non-verbal facial or/and audio behaviours (Li et al.
2020; Song et al. 2023a; Curto et al. 2021; Salam et al. 2022;
Suman et al. 2022). These approaches can be categorized
into two types (Vinciarelli and Mohammadi 2014): (1) ap-
parent personality recognition (APR) predicting human ob-
servers’ impressions on target individual; (2) real personality
recognition (RPR) predicting the individual’s real person-
ality traits related to their internal cognition (Ajzen 2012;
Daly and McCroskey 1987). Despite different goals, these
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APR (Ryumina et al. 2024a; Li et al. 2020) and RPR (Salam
et al. 2022; Palmero et al. 2021)) approaches infer person-
ality directly from the target individual’s observable audio-
facial behaviours, which play the role of external observers
to provide impressions that are largely different from real
personality traits, i.e., they are theoretically designed to pre-
dict apparent personality traits. This is evidenced by the poor
performances of existing APR and RPR models in real per-
sonality recognition (Liao, Song, and Gunes 2024).

Inspired by the insights that human internal cognition
(Farmer and Matlin 2019), which is intrinsically linked to
real personality, shapes their external speech and facial be-
haviours (Corr and Matthews 2020; Song et al. 2023b; Shao
et al. 2021), this paper hypothesises that existing deep neu-
ral networks (DNNs), designed with the inspiration from bi-
ological neural systems within human brain (Yegnanarayana
2009; Krogh 2008), can partially approximate human cog-
nition by computationally task-performing based on human-
like input-output mappings (inspired by the ’Weak AI’ hy-
pothesis (Flowers 2019)). In this sense, we innovatively pro-
pose to learn a set of personalised weights that enforces a
pre-defined network to reproduce personalised facial reac-
tions (output) expressed by the target individual when per-
ceiving the same external stimulus (input). Consequently,
the learned personalised weights would moderately simulate
the individual’s internal cognition, further leveraged to infer
real personality, i.e., our approach is theoretically designed
to predict real personality (illustrated in Fig. 1). Unlike prior
time-consuming Neural Architecture Search-based cogni-
tion simulation strategies (Song et al. 2023b; Shao et al.
2021) that require personalised network exploring/training
on a long dyadic interaction clip pair during inference, our
approach only performs efficient forward inference of the
personalised weights based on an easy-accessible and short
audio-facial clip of the individual without training.

To facilitate inferring real personality from human cog-
nition, our approach further encodes the simulated person-
alised cognition to a processable cognition graph representa-
tion, allowing crucial structural information within network
weights to be retained, which is finally fed to our proposed
2D Graph Neural Network (2D-GNN) for RPR.

• We propose a novel RPR framework that end-to-end
encodes the target individual’s external audio-facial be-
haviours into a 2D graph representation representing this
individual’s internal cognition, where an efficient yet ef-
fective personalised cognition simulation strategy and a
2D Graph Neural Network are proposed.

• We propose a novel end-to-end training strategy that
jointly optimises the cognition simulation and real per-
sonality prediction modules, enabling our framework
to effectively simulate real personality-related person-
alised cognition cues from easy-accessible human exter-
nal audio-visual behaviours.

• Experiments not only demonstrate that our framework
is the new state-of-the-art in recognising real personal-
ity traits with significant advantages over methods of tra-
ditional framework and 2,000 times inference efficiency
compared to the previous cognition simulation strategy.

Related Work
Automatic personality recognition: Audio-visual auto-
matic personality recognition methods, encompassing both
apparent personality recognition (Gürpınar, Kaya, and Salah
2016; Li et al. 2020; Curto et al. 2021; Suman et al. 2022)
and real personality recognition (Salam et al. 2022; Palmero
et al. 2021), have been widely developed based on the
pipeline which directly extracts expressive behavioural fea-
tures from human face (Zhang, Peng, and Winkler 2022;
Song et al. 2023a; Ventura, Masip, and Lapedriza 2017),
body (Romeo et al. 2021; Sonlu et al. 2024), speech (Liu
et al. 2020; Leekha et al. 2024) or their combinations (Salam
et al. 2022; Li et al. 2020). A typical example is the CR-Net
(Li et al. 2020) which leverages a ResNet-34 (He et al. 2016)
to directly extract personality features from human visual,
audio and text behaviours. Alternatively, a recent approach
(Song et al. 2023b; Shao et al. 2021) attempts to simulate hu-
man internal cognition via their expressive behaviours (i.e.,
exploring a personalised network with a unique architec-
ture to represent each individual’s cognition), and then in-
fers real personality traits based on the simulated person-
alised cognition. Consequently, this approach is hindered by
extremely high computational costs of personalised network
exploration and dependency on long-duration dyadic inter-
action data at the inference stage.

Human cognition and real personality: Human cogni-
tion refers to human mental processes such as understand-
ing and planning. Various psychological studies (Corr and
Matthews 2020; Soubelet and Salthouse 2011) claimed that
human cognition is strongly associated with their real per-
sonality traits. Specifically, Extraversion and Neuroticism
traits are typically linked with specific biases in human cog-
nitive functions, contributing to either extroverted social be-
haviours or increased threat awareness for high neurotic in-
dividuals (Boyle, Matthews, and Saklofske 2008). Mean-
while, some neuroscience studies (Adelstein et al. 2011;
DeYoung et al. 2010) suggest that distinct brain cognitive
patterns are associated with specific personality traits, em-
phasising how real personality modulates both emotional
and cognitive responses to various external stimuli.

Methodology
Hypothesis: Previous studies claimed that deep neural net-
works (DNNs) can link certain cognitive functions (e.g., vi-
sual object recognition) to human brain (Kriegeskorte and
Douglas 2018; Spoerer, McClure, and Kriegeskorte 2017),
while some DNNs can approximate human cognition to per-
form realistic reasoning from languages (Binz et al. 2025)
or multi-modal sensory inputs (Ye, Wang, and Wang 2018;
Panella, Fragonara, and Tsourdos 2021; Song et al. 2023b).
Given that Transformer mirrors hierarchical information
processing functions corresponding to various human brain
regions (Yang, Gee, and Shi 2024), we hypothesise that the
network composed of stacked transformer blocks can com-
putationally simulate human cognition approximately.

Methodology overview: As depicted in Fig. 2, our ap-
proach is structured in two stages to recognise the target in-
dividual τ ’s real personality traits from an external expres-
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Figure 2: The pipeline of our method, which consists of two main stages: (1) Personalised Human Cognition Simulation (PCS)
including (1.1) generic human cognition learning and (1.2) personalised cognition learning; and (2) novel cognition graph
representation learning and 2D Graph Neural Network (2D-GNN)-based real personality recognition (detailed in Methodology).

sive behaviour expressed by τ . The Personalised Cognition
Simulation (PCS) stage first learns a generic human cogni-
tion Θ (a set of network weights) defining a transformer-
based generic facial reaction generator FRGΘ capable of
generating appropriate facial reactions in response to each
input (perceived) stimuli, which are plausible to be ex-
pressed by humans with varying real personalities (Fig. 2
(1.1)). Then, an encoder-decoder (PBPL and PWHG in Fig.
2) is developed to generate a personalised key Keyτ (e.g., a
set of weight offsets that have the same form as Θ) from the
individual τ ’s short audio and facial behaviour {Aτ ,Fτ},
which refines Θ as Θτ (a set of network weights) represent-
ing the individual τ ’s personalised cognition through the op-
eration fREF (Fig. 2 (1.2)) as:

Θτ = fREF(Keyτ ,Θ) (1)
where different REF operations are evaluated in Table 4.
Here, Θτ is learned to re-define the generic generator FRGΘ

as a personalised facial reaction generator FRGΘτ , enforc-
ing it to reproduce only τ ’s personalised facial reactions.
Since the pre-obtained generic cognition Θ can always be re-
used, the Θτ of any individual τ can be efficiently achieved
from a short audio-visual behaviour expressed by τ .

Subsequently, the Real Personality Recognition (RPR)
stage starts with a Cognition Graph Learning (CGL) mod-
ule to innovatively encode Θτ (a set of personalised weights
within the generator FRGΘτ ) that cannot be directly pro-
cessed by standard deep learning (DL) models as a process-
able personalised cognition graph Gτ (V,E) as:

Gτ (V,E) = CGL(Θτ ) (2)
where Gτ (V,E) is made up of a set of two-dimensional
matrix-valued nodes V and edges E that retain crucial struc-
tural cues of FRGΘτ ’s weights Θτ as well as their relation-
ships. Finally, a novel 2D-GNN (2D-GNN) that can process

nodes and edges characterized by 2D feature matrices within
Gτ (V,E) is proposed to predict real personality traits of τ
from the cognition graph Gτ (V,E) (Fig. 2 (2)) as:

Pτ = 2D-GNNφ(G
τ (V,E)) (3)

In this paper, we propose a novel joint training strat-
egy to optimise the entire framework including FRGΘτ ,
PBPL, PWHG, CGL, and 2D-GNN in an end-to-end man-
ner, specifically enabling simulation of real personality-
related personalised cognition from the target individual’s
external behaviours.

Personalised Cognition Simulation
Since the amount of behavioural data exhibited by a single
individual may be limited while individuals of different per-
sonalities sharing certain common cognitive processes, the
PCS stage starts with pre-learning of generic human cog-
nition Θ of varying individuals by training FRG to repro-
duce facial reactions expressed by different individuals in
response to input audio-facial behaviours. This allows an
efficient inference stage to be achieved by only learning
a set of personalised Keyτ from relatively small amounts
of behaviours expressed by the target individual τ , e.g., a
short audio-facial clip {Aτ ,Fτ} that can be easily recorded
in non-invasive manners, where Keyτ is expected to refine
the pre-obtained Θ as the target personalised cognition Θτ .
Specifically, we first train the generic facial reaction genera-
tor FRGΘ (i.e., simulating generic cognition) using dyadic
audio-facial human-human interaction clips expressed by
various pairs of individuals, with the objective to output ap-
propriate facial reactions R = {R1, R2, · · · , RL} expressed
by individuals of different personalities in response to each
input human behaviour {As,Fs} as:

R = FRGΘ(A
s,Fs) (4)
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where Θ is learned as a set of network weights. To validate
our hypothesis and ensure reproducibility, the FRGΘ simply
stacks N transformer blocks with each consisting of a self-
attention, a cross-attention, and a feed-forward layer con-
taining two FC layers, which includes K weights (i.e., 2D
matrices for all linear layers).

Then, the Personalised Behaviour Pattern Learning
(PBPL) module learns a latent representation Zτ to describe
the individual τ ’s personalised external behaviour patterns
Zτ (a feature vector) from individual’s short audio-facial
behaviour clip {Aτ ,Fτ} as:

Zτ = PBPL(Aτ ,Fτ ) (5)

where PBPL is a transformer-based encoder. Subsequently,
a Personalised Weight HyperGenerator (PWHG) consist-
ing of FC layers further projects Zτ to the personalised key
Keyτ (e.g., a set of weight offsets) to refine the generic cog-
nition Θ as the personalised cognition Θτ as Eq. 1. To effi-
ciently learn K × N matrices in Θ (K matrices parameter-
izing all linear layers in n = 1, . . . , N transformer blocks),
our PWHG module samples N×K learnable chunk embed-
dings H = {hn,k|n = 1, · · · , N ; k = 1, · · · ,K} from the
standard Gaussian distribution, and then concatenates each
hn,k with the learned Zτ . This results in K × N differ-
ent concatenated embeddings, which are then projected to
K ×N matrices as Keyτ via a shared PWHG module as:

Keyτ = {[PWHG(Zτ , hn,k)]}n=1:N,k=1:K

= {[Keyτ
n,k]}n=1:N,k=1:K

(6)

resulting in approximately K×N -fold reduction in the num-
ber of learnable weights compared to directly using K ×N
independent projectors.

In comparison with the competitor (Song et al. 2023b)
that requires the time-consuming personalised network ex-
ploration for every individual during inference), our ap-
proach is efficient as it only involves forwardly propagating
the given audio-facial clip Aτ ,Fτ to refine Θ as Θτ .

Cognition-based real personality recognition
Since the simulated personalised cognition Θτ is a set of un-
organised weights that are difficult to be directly processed
by standard DL models for RPR, RPR stage encodes the Θτ

as an processable graph Gτ containing node and edge fea-
ture matrices. Then, a novel 2D Graph Neural Network (2D-
GNN) is proposed to infer real personality traits from Gτ .

Cognition graph representation (nodes and edges)
learning: Given Θτ , the RPR stage applies a Cognition
Graph Learning (CGL) module consisting of a node fea-
ture encoding (NFE) block and an edge feature encoding
(EFE) block to encode the weight matrices parameteriz-
ing all linear layers in N transformer blocks of FRGΘτ

to a personalised cognition graph Gτ (V,E), where V =
{v1, · · · , vN} denotes N nodes and E = {en,m | n,m =
1, . . . , N} denotes a set of directed edges connecting all
node pairs. Specifically, the NFE block encodes the K
weights Θτ

n = [Θτ
n,1, · · · ,Θτ

n,K ] of the n-th transformer
block into a single node feature vτn ∈ Rdv×dv as:

vτn = NFEFC(NFECNN(Θ
τ
n)) (7)

It first processes every Θτ
n ∈ RK×d×d through a CNN

extractor NFECNN to obtain the feature representation ητn,
which is then processed by a FC layer NFEFC to yield
the matrix-valued node vτn (i.e., weighted sum of K layer-
level weights). This way, the final obtained Gτ preserves
crucial structural information within weights, avoiding in-
formation loss/distortion when reducing them to vectors
(evaluated in Table 2). To comprehensively explore real
personality-related relationships among the simulated cog-
nitive processes (i.e., transformer blocks’ weights repre-
sented by graph node representations), our EFE block learns
a pair of edge feature matrices eτn,m and eτm,n between ev-
ery pair of nodes vτn and vτm, empirically indicating supe-
rior expressive capacity over widely-used single-value edge
features that fail to comprehensively model complex rela-
tionships between a pair of node features unless they are
linearly dependent. Specifically, our EFE applies a self-
attention (EFESA) and a cross-attention (EFECA) to empha-
sise real personality-related relationships shared by every
pair of node features, followed by a feed-forward network
(EFEFFN) for further refinement. These result in a pair of
edge features eτn,m ∈ Rdv×dv and eτm,n ∈ Rdv×dv as:

eτn,m = EFE(ητn, η
τ
m)

= EFEFFN(EFECA(EFESA(η
τ
n),EFESA(η

τ
m))) (8)

2D Graph Neural Network (2D-GNN): While existing
standard GNNs are limited to processing graphs with vector-
based node and edge features, our novel 2D-GNN directly
processes node feature matrices V and edge feature matrices
E within the learned cognition graph Gτ (V,E) to infer τ ’s
real personality traits Pτ

traits. Specifically, the γ-th 2D-GNN
layer updates its input node feature vτ,γ−1

n ∈ Rdv×dv within
the graph Gτ (V,E)γ−1 as an node feature vτ,γn ∈ Rdv×dv

of the same size as:

vτ,γn = ReLU
( 1

dn

∑
m∈N (n)

Aτ
n,m · êτn,m ⊙ v̂τ,γ−1

n

)
,

êτn,m = f (γ−1)
e (eτn,m), v̂τ,γ−1

n = f (γ−1)
v (vτ,γ−1

n ) (9)

where f
(γ−1)
e and f

(γ−1)
v are linear projections; dn is the

degree of node vτ,γ−1
n for normalization; ⊙ represents

Hadamard product, Aτ
n,m ∈ {0, 1} is binary adjacency in-

dicator and N (n) denotes the vτ,γ−1
n ’s neighboring nodes.

This way, each node vτ,γn is obtained by considering both
its previous states vτ,γ−1

n and the messages passed from its
neighbouring nodes N (n) via the corresponding edge fea-
ture matrices. Finally, a self-attention graph pooling layer
(Lee, Lee, and Kang 2019), followed by an FC head, yields
the five personality traits.

End-to-end joint training strategy
We pre-train the pre-defined architecture FRG as a generic
facial reaction generator FRGΘ in a diffusion manner with
the objective loss function defined as:

Ldiff = Et∈[1,T ],RGT
t ∼qt

[∥∥RGT −RΘ

∥∥2
2

]
RΘ = FRGΘ(R

GT
t , t, {As,Fs})

(10)
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where RGT
t is obtained by adding random Gaussian noises

to the ground-truth (GT) facial reaction RGT via a forward
diffusion process qt (Ho, Jain, and Abbeel 2020); t is the
diffusion step controlling the noise level; and {As,Fs} are
the input audio and facial behaviours) that triggered the cor-
responding real facial reaction RGT. Consequently, FRGΘ

learns to simulate generic human cognition for generating
various appropriate facial reactions RGT that can be ex-
pressed by individuals with different personalities.

Based on the pre-trained FRGΘ, our end-to-end joint
training strategy is achieved by two loss functions. As illus-
trated in Fig. 3, the first loss Lτ compares the facial reaction
RΘ̂τ generated by the refined personalised facial reaction
generator FRGΘτ with the corresponding real personalised
appropriate facial reaction Rτ,GT expressed by τ (i.e., any
facial reaction expressed by τ that is appropriate in response
to the input As,Fs) (Zhu et al. 2024) as:

Lτ = Et∈[1,T ],Rτ,GT
t ∼qt

[∥∥Rτ,GT −RΘ̂τ

∥∥2
2

]
RΘτ = FRGΘτ (Rτ,GT

t , t, {As,Fs})
(11)

where Rτ,GT
t is obtained by adding random Gaussian noises

to Rτ,GT via a forward diffusion process qt. During the
training, the FRGΘ are kept frozen, while the PBPLΦ and
PWHGΨ modules generate the personalised key Keyτ to re-
fine (i.e., via a differentiable adding operation) the weights
of FRGΘ as FRGΘτ that aims at recovering personalised fa-
cial reaction Rτ,GT from Rτ,GT

t . Thus, gradients computed
from the loss between the generated personalised facial
reaction and the ground-truth Rτ,GT are back-propagated
through frozen FRGΘ and Keyτ to optimise PBPLΦ and
PWHGΨ. The gradient of Lτ with respect to Keyτ is:

ξτn,k = σ(Θτ
n,k ξτn,k−1 + bn,k),

∂Lτ

∂Keyτ
n,k

=
∂Lτ

∂ξτn,k
·
∂ξτn,k
∂Θτ

n,k

·
∂Θτ

n,k

∂Keyτ
n,k

,

=
∂Lτ

∂ξτn,k
· σ′ · ξτn,k−1 · f ′

REF(Θ,Keyτ
n,k) (12)

where we denote ξτn,k as the intermediate activation gener-
ated from the k-th layer of the n-th block during the forward
propagation of FRGΘτ (i.e., comprising the weight parame-
ter Θτ

n,k and the bias parameter bn,k) while σ′ denoting the
derivative of the activation function σ. Since FRGΘτ is pro-
duced via the refinement function (defined in Eq. 1) based
on the personalised Keyτn,k, f ′

REF(Θ,Keyτ
n,k) represents its

derivative with respect to Keyτn,k.
Meanwhile, the second loss LRPR compares the personal-

ity traits Pτ predicted by our 2D-GNN and the ground-truth
real personality traits Pτ

GT:
LRPR = ∥Pτ − Pτ

GT∥2 (13)
More training and loss function details are provided in Ap-
pendix.

Experiments
Experimental settings
Datasets: We evaluate our method on two publicly avail-
able audio-visual datasets rigorously labeled with clip-level

Figure 3: Our end-to-end joint training strategy is driven
by two loss functions: (1) Lτ compares the generated fa-
cial reaction RΘτ

with the GT personalised real facial re-
action Rτ,GT. The gradients are backpropagated to optimise
PWHGΨ and PBPLΦ; (2) LRPR compares the personality
prediction Pτ with the GT real personality traits Pτ

GT, both
jointly enforcing our PCS to simulate personality-related
cognition from input audio-visual behaviours.

self-reported Big-Five real personality traits (Extraversion
(Ex), Agreeableness (Ag), Openness (Op), Conscientious-
ness (Co), and Neuroticism (Ne)), including: (1) NoXI (Ca-
faro et al. 2017) is a multilingual dyadic interaction dataset
designed to study adaptive behaviours in “Expert-Novice”
roles through video conferencing, encompassing 84 sessions
across various topics; and (2) UDIVA (Palmero et al. 2021),
comprising 188 in-person dyadic interactions from 147 par-
ticipants recorded under four different tasks.
Implementation details: We apply the pre-trained wav2vec
2.0 (Baevski et al. 2020) to extract frame-level (25 fps) au-
dio behaviour features, and a 3D Morphable Face Model
(3DMM) (Blanz and Vetter 2023; Wang et al. 2022) to ex-
tract frame-level facial coefficients. The default length of
the audio-facial behaviour clips fed to PBPL is 10 seconds.
More implementation details are provided in Appendix.
Evaluation Metrics: Following (Liao, Song, and Gunes
2024), we employ Mean Squared Error (MSE), Pearson
Correlation Coefficient (PCC) and Concordance Correlation
Coefficient (CCC) to evaluate RPR performances.

Comparison with existing approaches
Table 1 shows our cognition simulation approach clearly
outperformed existing standard personalty recognition
methods on UDVIA datasets, achieved 18.6% and 32.8% av-
erage MSE and CCC improvements over the previous state-
of-the-arts (SOTA) (Suman et al. 2022; Ventura, Masip, and
Lapedriza 2017). Our approach is particularly effective in
inferring Extraversion and Agreeableness traits-related per-
sonalised cognition, as it achieved the best CCC/MSE re-
sults for them on both datasets. We explain this as these two
traits may be more related to human external expressive be-
haviours (Lepri et al. 2012; Graziano and Tobin 2009).

For the NoXI dataset, our approach achieved the best
MSE results on 3/5 OCEAN traits (i.e., Conscientious-
ness, Extraversion and Agreeableness) as well as the av-
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UDIVA - MSE (↓) UDIVA - CCC (↑)

Methods Open Cons Extrav Agree Neuro Avg. Open Cons Extrav Agree Neuro Avg.

TPN 0.926 0.760 1.252 0.946 1.415 1.060 0.045 0.044 0.029 -0.018 -0.028 0.013
CAM-DAN+ 1.022 0.547 1.480 0.845 1.149 1.009 0.034 0.336 0.027 0.201 0.271 0.174
DAN-MFCC 1.166 0.736 2.052 1.101 1.075 1.226 0.001 0.115 0.013 -0.002 0.122 0.045
PersEmoN 0.903 0.699 1.410 0.945 1.147 1.021 -0.010 0.013 0.005 0.006 0.005 0.004

CR-Net 1.099 0.688 1.308 0.910 1.414 1.083 0.0100 0.179 0.116 0.217 0.045 0.131
Amb-Fac 0.853 0.639 1.421 0.933 1.141 0.998 0.053 0.194 0.044 0.045 0.020 0.071

OCEAN-AI 0.939 0.668 1.496 0.959 1.159 1.044 -0.035 0.047 0.030 0.038 0.004 0.017

Ours 0.749 1.111 0.717 0.783 0.703 0.813 0.226 -0.035 0.221 0.299 0.443 0.231

NoXI - MSE (↓) NoXI - PCC (↑)

Methods Open Cons Extrav Agree Neuro Avg. Open Cons Extrav Agree Neuro Avg.

DCC 0.112 0.755 0.640 0.082 0.102 0.338 0.135 0.246 0.265 0.192 0.277 0.223
NJU-LAMDA 0.099 0.135 0.069 0.075 0.210 0.118 0.181 0.271 0.301 0.177 0.325 0.251

VAT 0.186 0.081 0.088 0.068 0.152 0.115 -0.177 0.484 0.131 0.448 0.187 0.215
Amb-Fac 0.094 0.047 0.035 0.038 0.049 0.053 -0.127 0.109 0.059 0.107 0.050 0.040

OCEAN-AI 0.081 0.046 0.040 0.043 0.044 0.051 -0.039 0.305 0.281 0.331 0.201 0.216
Dyadformer 0.063 0.049 0.044 0.048 0.050 0.051 0.128 0.317 0.049 0.373 0.253 0.224

P-NAS - - - - - - 0.189 0.376 0.420 0.289 0.481 0.351

Ours 0.074 0.052 0.024 0.037 0.053 0.048 0.099 0.520 0.424 0.515 0.061 0.324

Table 1: Comparison between our approach with most recent audio-visual personality recognition approaches on UDIVA and
NoXI datasets. We denote the baseline methods by their acronyms: TPN (Yang et al. 2020), DCC (Güçlütürk et al. 2016),
CAM-DAN+ (Ventura, Masip, and Lapedriza 2017), DAN-MFCC (Wei et al. 2018), PersEmoN (Zhang, Peng, and Winkler
2022), CR-Net (Li et al. 2020), Amb-Fac (Suman et al. 2022), OCEAN-AI (Ryumina et al. 2024b), NJU-LAMDA (Wei et al.
2018), VAT (Girdhar et al. 2019), Dyadformer (Curto et al. 2021), P-NAS (Song et al. 2023b).

PCS stage RPR stage PCS stage RPR stage
Var.

FRG†
Θ FRG‡

Θ

Block Matrix Matrix E2E Avg. Var.
FRG‡

Θ

Block Matrix Matrix E2E Avg.
node node edge node node edge

MSE (↓)

V1 ✓ ✓ ✓ 0.067 V5 ✓ ✓ ✓ 0.053
V2 ✓ ✓ ✓ ✓ 0.060 V6 ✓ ✓ ✓ 0.052
V3 ✓ ✓ ✓ ✓ ✓ 0.057 V7 ✓ ✓ ✓ ✓ 0.051
V4 ✓ ✓ ✓ 0.054 V8 ✓ ✓ ✓ ✓ 0.051

V9 ✓ ✓ ✓ ✓ ✓ 0.048

PCC (↑)

V1 ✓ ✓ ✓ 0.110 V5 ✓ ✓ ✓ 0.254
V2 ✓ ✓ ✓ ✓ 0.179 V6 ✓ ✓ ✓ 0.197
V3 ✓ ✓ ✓ ✓ ✓ 0.198 V7 ✓ ✓ ✓ ✓ 0.262
V4 ✓ ✓ ✓ 0.158 V8 ✓ ✓ ✓ ✓ 0.319

V9 ✓ ✓ ✓ ✓ ✓ 0.324

Table 2: Contributions of model components. V1: denotes no cognition simulation involved in prediction; V4: applying standard
vector-based graph with GCN for processing simulated cognition; V4/V5: encoding every weight matrix in every block to a
node feature vector/matrix. E2E denotes the end-to-end training strategy. FRG†

Θ denotes FRG without PCS-stage pretraining,
and FRG‡

Θ indicates FRG with PCS-stage pretraining.

eraged MSE (5.9% relative improvements over the previ-
ous SOTA). It also achieved the second best CCC perfor-
mance (29.1% relative average CCC improvement over the
third best method) with small disadvantages compared to
the impractical method (Song et al. 2023b) but over 2,000
times faster inference speed (Table 3). Importantly, our ap-
proach not only achieved clear superior personality recogni-

tion results but also experienced similar computational costs
compared to existing standard personality recognition ap-
proaches. Fig. 4 shows that individuals with similar per-
sonality trait distributions (grouped by three per set) exhibit
similar weight patterns learned from their audio-facial be-
haviours. Additionally, these individuals display comparable
facial reactions to the same external stimulus (e.g., the left
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Figure 4: (a) Example personalised weight matrices learned for different individuals; (b) Individuals’ facial reactions generated
by FRG with different personalised weights in response to the same stimulus.

Methods Inference Time NoXI-PCC
(per τ ) (Avg.)

OCEAN-AI 1.3 minutes 0.216
DCC 1.8 minutes 0.008

Dyadformer 4.46 minutes 0.224
Amb-Fac 3.20 minutes 0.040
P-NAS 8.3 days 0.351
Ours 5.29 minutes 0.324

Table 3: Inference time of RPR models on a 10-minute
audio-visual clip, where P-NAS (Song et al. 2023b) and ours
are cognition-based methods, while others play the role of
external observers.

MSE (↓)

Methods Open Cons Extrav Agree Neuro Avg.

Keyτ 0.075 0.067 0.034 0.064 0.046 0.057
Keyτ x Θ 0.058 0.055 0.034 0.037 0.053 0.048
Keyτ + Θ 0.074 0.052 0.024 0.037 0.053 0.048

PCC (↑)

Methods Open Cons Extrav Agree Neuro Avg.

Keyτ 0.005 0.240 0.258 0.241 0.246 0.198
Keyτ x Θ 0.248 0.447 0.170 0.349 -0.100 0.223
Keyτ + Θ 0.099 0.520 0.424 0.515 0.061 0.324

Table 4: Results achieved for different personalised cogni-
tion refinement strategies, where Keyτ (w/o Θ) denotes di-
rectly generating Keyτ as the personalised cognition.

group shows reserved facial reactions, while the right group
is more animated), highlighting the ability of our approach
to capture personality-related cognition.

Ablation studies
Influences of model components: Table 2 shows that di-
rectly inferring real personality from external behaviours in
the short audio-facial clip (V1) leads to very poor perfor-

mance. In contrast, with the help of FRG to simulate per-
sonalised cognition, the performance largely improved (V2),
where pre-training FRG plays a crucial role (V8 vs V2 /
V9 vs V3), suggesting that the simulated cognition provides
informative personality cues. Meanwhile, our block-level
node encoding strategy (V7 vs V5), cognition graph learning
(node feature matrices (V5 vs V4) and edge feature matrices
(V9 vs V7)), and the corresponding 2D-GNN additionally
enhanced the performance. This validates such a cognition-
based graph managed to preserve crucial structural cues re-
garding personality-related cognition, where edge features
facilitates better task-specific message exchanging among
node features. Finally, our end-to-end training strategy con-
sistently enhanced the performance, indicating its effective-
ness in simulating personality-related cognition.

Results of different ’Refine’ operations: Table 4 com-
pares different strategies to project the learned Keyτ as the
personalised cognition Θτ . It is clear that directly project-
ing Keyτ as Θτ without considering the pre-learned Θ re-
sulted in poor performance, i.e., it is difficult to directly ob-
tain reliable personalised cognition from a short clip (also
evidenced by poor facial reaction generation results in Ap-
pendix). Besides, simply adding Keyτ to Θ achieved supe-
rior results over applying it to weight Θ.

Conclusion

This paper presents an end-to-end audio-facial personalised
human cognition simulation strategy for RPR. Results show
that our strategy can effectively and efficiently simulate
personality-related personalised cognition while our novel
cognition graph learning and 2D-GNN also positively con-
tributed to RPR. Key limitations include the incomplete in-
tegration of nuanced verbal features and the simple net-
work architecture, which will be addressed in our future
work. Our novel framework can be potentially extended for
understanding other human internal status (e.g., expressive
behaviour-based mental health/emotion analysis).
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