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Abstract

Personality detection aims to deduce a user’s personality from
their published posts. The goal of this task is to map posts to
specific personality types. Existing methods encode post in-
formation to obtain user vectors, which are then mapped to
personality labels. However, existing methods face two main
issues: first, only using small models makes it hard to ac-
curately extract semantic features from multiple long doc-
uments. Second, the relationship between user vectors and
personality labels is not fully considered. To address the is-
sue of poor user representation, we utilize the text embed-
ding capabilities of LLM. To solve the problem of insuffi-
cient consideration of the relationship between user vectors
and personality labels, we leverage the text generation capa-
bilities of LLM. Therefore, we propose the LLM-Enhanced
Text Mapping Model (ETM) for Personality Detection. The
model applies LLM’s text embedding capability to enhance
user vector representations. Additionally, it uses LLM’s text
generation capability to create multi-perspective interpreta-
tions of the labels, which are then used within a contrastive
learning framework to strengthen the mapping of these vec-
tors to personality labels. Experimental results show that our
model achieves state-of-the-art performance on benchmark
datasets.

Code — https://github.com/BUPT-SN/ETM

Introduction

Personality plays a crucial role in understanding the rela-
tionship between individual behaviors and mental activities
(Kernberg 2016). It can also serve as a valuable tool for
guiding personal growth and career choices. The MBTI is
a widely used system for classifying personality, dividing
individuals into sixteen categories based on four dimensions
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(Myers 1987). User posts on social media can be used to de-
tect their MBTI personality type. Therefore, the goal of this
task is to map posts to specific personality types, as shown in
Figure 1(a). Using deep learning methods to solve personal-
ity detection task is generally effective. This approach uses a
data-driven method to extract text features from posts, fuses
them into a user vector, and then maps the user vector to
personality labels, as depicted in Figure 1(b). The previous
methods (Keh, Cheng et al. 2019; Jiang, Zhang, and Choi
2020) use BERT (Devlin et al. 2018) to encode each indi-
vidual post or to encode a concatenated sequence of multi-
ple posts from a user. Some alternative methods (Yang et al.
2021b, 2023a; Zhu et al. 2022) use BERT to obtain semantic
features and then apply graph neural networks to enhance
the representation of individual posts, followed by average
pooling to create a user vector. Other methods (Yang et al.
2023a; Zhu et al. 2022; Zhang et al. 2023) manually extract
psychological and statistical features, combine them with
text features into a user vector. Previous methods face two
main issues. On one hand, these methods use BERT to ex-
tract text features, but this small model encoder cannot ef-
fectively represent multiple long posts. On the other hand,
they fail to capture the relationship between user representa-
tion vectors and personality labels. These issues collectively
lead to poor performance.

Recently, large language models (LLM) have demon-
strated powerful text understanding and generation capabil-
ities, surpassing small models in tasks like translation and
question answering (Wang et al. 2023), but perform poorly
on classification tasks. Some research (Yang et al. 2023b)
has designed prompts based on psychological questionnaires
to leverage the capabilities of LLM for personality detec-
tion. This approach still underperforms compared to fine-
tuning small models, showing that using only LLM with
prompts might not be an effective method for personality
detection. Some studies (Hu et al. 2024) have used LLM for
data augmentation from an emotional perspective, but the
results show that this approach does not significantly im-
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Figure 1: An overview of our method’s innovations.

prove performance, indicating that the potential of LLM in
personality detection tasks has not been fully realized. Previ-
ous research (Freestone and Santu 2024) shows that its dis-
tinct pre-training tasks enable it to cluster semantically re-
lated words more effectively than traditional encoding mod-
els. Therefore, we considered using LLLM’s distinct text em-
bedding capabilities, along with its widely adopted text gen-
eration abilities, to enhance the mapping process from user
posts to personality labels, as illustrated in figure 1(c).

In this paper, we introduce a LLM-Enhanced Text Map-
ping Model for Personality Detection. We use a small model
to encode individual posts and apply average pooling to
create an initial user representation. These posts are then
merged into one long post, and a lightweight language
model generates its embedded representation. To better in-
tegrate the semantics of the two models, we add a cross-
attention mechanism to integrate the user and long post rep-
resentations. We also use a powerful language model’s text
generation capabilities to analyze personality labels from
three aspects: personality definition, thematic tendency, and
text expression. Additionally, we employ contrastive learn-
ing to enhance the correlation between documents and la-
bels. The contributions can be summarized as follows:

* We propose an LLM-Enhanced Text Mapping Model for
Personality Detection that effectively achieves the goal of
accurately mapping posts to specific personality types.
Our model effectively uses the text embedding capabil-
ity of LLM to enhance the mapping process of multiple
long posts to user vectors. The text generation capability
of LLM is used to enhance the mapping process of user
vectors to personality labels.

According to the test results on the benchmark dataset,
our model outperforms other existing personality detec-
tion models.

Related Work
Traditional and Deep Learning Methods in
Personality Detection

For the personality detection task, both traditional meth-
ods and deep learning methods aim to better represent the
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user vector, and then map the user vector to the MBTI la-
bels. Traditional methods extract static features from texts.
Machine learning models such as Support Vector Machines
(Cui and Qi 2017) and XGBoost (Tadesse et al. 2018) were
then used to fit the mapping of posts to MBTI personali-
ties. Traditional machine learning methods rely too much
on hand-extracted features, leading to subpar performance.
Deep learning methods initially use some feature extrac-
tion models, such as LSTM, hierarchical DNNs with At-
tRCNN, and GRUs with attention mechanisms (Tandera
et al. 2017; Xue et al. 2018; Lynn, Balasubramanian, and
Schwartz 2020) used a data-driven approach to model the
mapping of posts to MBTI personality. Some pre-trained
models such as BERT (Devlin et al. 2018) show unique ad-
vantages in text feature extraction tasks. Some studies (Keh,
Cheng et al. 2019; Jiang, Zhang, and Choi 2020)use text pre-
training models to extract features from posts and map the
user vectors to MBTI labels. Other studies aim to enhance
the representation of individual posts by constructing rela-
tionships between posts, thereby improving the overall user
vector representation. Transformer MD (Yang et al. 2021a)
leverages Transformer XL's memory to store posts and uses
attention mechanisms to capture and fuse relationships be-
tween them. Some studies (Yang et al. 2021b; Zhu et al.
2022; Yang et al. 2023a) use psychological statistical feature
similarity or post embedding similarity to measure whether
there is correlation between posts, and then use graph neural
networks to build the topology of post sets and carry out fea-
ture fusion between posts. Deep learning methods that rely
only on small model semantic encoders to extract semantic
features from multiple long texts often produce low-quality
user vectors, and the relationship between these vectors and
MBTI labels is not fully established.

Large Language Models in Personality Detection

Large Language Models (LLM) are used to solve some nat-
ural language tasks due to their powerful in-context learn-
ing(ICL) ability and extensive knowledge reserve (Brown
et al. 2020; Rae et al. 2021; Thoppilan et al. 2022; Chowd-
hery et al. 2023; Achiam et al. 2023). Some new methods
use LLM to help solve personality detection tasks. One way
to use LLM to solve complex problems is to break down a
complex problem into several small problems and then guide
LLM to solve these problems in turn (Wei et al. 2022). Wei
et al. (Yang et al. 2023b) adapted a psychological question-
naire into multiple questions, directing language models to
answer based on post content and then drawing conclusions
from the answers obtained in each round. The method us-
ing language models for personality detection relies heavily
on prompt construction, leading to suboptimal results. Using
LLM for data augmentation from an emotional perspective
is also a way to leverage LLM. Hu et al. (Hu et al. 2024)used
LLM to enhance posts from three perspectives, semantic, se-
mantic and semantic, and then used comparative learning to
establish the relationship between enhanced posts and initial
posts. This method only uses the text generation capability
of LLM, resulting in little improvement of the mapping pro-
cess of user posts to personality labels in the process of this
method.



Approach

In this section, we first define the problem of personality
detection, then conduct preliminary explorations using the
method of fine-tuning lightweight LLM, and finally provide
detailed descriptions of the two enhancement modules in our
ETM model.

Problem Definition

The personality detection task involves mapping posts
to the personality types. Each posts, denoted as P
{p1,p2,--.,Pn}, consists of M tokens per post, represented
as p; = [w;1,Ws2, ..., w;n|. The personality types is for-
malized as Y = (y1, Y2, Ys, y4), with each component y;
taking a value of O or 1. This task aims to establish a map-
ping from Pto Y.

Exploring Lightweight Large Language Models for
Personality Detection

Lightweight Large Language Models retain the essential ca-
pabilities of traditional language models while being opti-
mized for task-specific training (Yang et al. 2023c). In our
experiments, we initially explored the use of lightweight
LLM for personality detection through zero-shot learn-
ing, binary classification fine-tuning, and sixteen-class fine-
tuning. first, we establish a baseline by using a lightweight
LLM with zero-shot learning. Then, we explore two ap-
proaches: fine-tuning for sixteen-class classification and
fine-tuning for binary classification. Although these meth-
ods outperform direct zero-shot learning, they still do not
reach the baseline performance achieved with fine-tuned
small models. The experimental results can be seen in the
“Performance of Lightweight LLM” section of the Experi-
ments. The extensive pre-training of lightweight large lan-
guage models on varied datasets has often reduced their ef-
fectiveness when fine-tuning for specific text classification
tasks. In response, we explored the use of LLMs to address
the challenges of poor user vector representation and the in-
adequate relationship between user vectors and personality
labels typically encountered with small models in personal-
ity detection. This strategic application of LLM allowed our
approach to ultimately achieve state-of-the-art performance.

An Overview of Our ETM Model Architecture

In this paper, we propose an LLM-Enhanced Text Mapping
Model for Personality Detection. As the overall architecture
shows in Figure 2. We first use BERT to encode each post
individually, then apply average pooling to generate the ini-
tial user vectors. These posts are then combined into a single
text. To enhance its text embedding, we apply a lightweight
large language model, capturing the text representation from
the model’s unique perspective. This vector is subsequently
refined using a cross-attention mechanism to enhance its
representational accuracy. Then, we leverage the text gen-
eration capabilities of powerful LLM to interpret MBTT la-
bels from three dimensions: personality definition, thematic
tendency, and text expression. This interpretation is encoded
using a small model. Finally, a contrastive learning frame-
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work strengthens the mapping from user vectors to MBTI
labels.

Lightweight LLM Enhance User Posts to Vector
Representation

We followed the previous approach (Keh, Cheng et al. 2019;
Hu et al. 2024) to get the initial representation of the user
vector, and then used the lightweight LLM to get a new per-
spective on the user representation. Then, using the cross-
attention mechanism, the user representation from a new
perspective is used to strengthen the initial representation,
S0 as to obtain an enhanced user vector representation.
For a post p; in a post set P, we use the BERT model as
a text encoder to encode p;, and then use the token at the
[CLS] position as the feature representation of the p; post
to denote h;.
h; = Encoder(p;) (1

Multiple long documents generated by a user, totaling IV,
are encoded separately, and then an initial user vector u is
obtained by means of average pooling:

7h’ND 2

To enhance the semantic representation beyond BERT,
we leverage lightweight LLM to process concatenated user
posts as extended contexts. Using the Llama3 model (Zhang
et al. 2024), we extract embeddings from the concatenated
texts:

u = mean([hq, ha, ...

Plong - [P1|p2‘ s |pN] (3)

where | denotes the concatenation operator.

Based on previous findings (Geva et al. 2020), which
indicate that deeper insights are derived from upper lay-
ers of transformer-based models, we utilize the embeddings
from the last d,,, layer. To synthesize a comprehensive user
vector Ujigma, We perform average pooling across and
within these layers, capturing richer semantic details from
the lightweight LLM.

[ho,h1,...,hr], = Llama(Piopng, n) 4)
U,, = mean([hg, h1,...,hL],) (5)
Uliama = mean([Uss—aq,,,Usa—d,,,...,Us2]) (6)

where n denotes the n-th layer and L represents the number
of tokens after text embedding.

To enhance the initial user vector with additional insights
from the lightweight LLM, we employed a cross-attention
mechanism for effective vector fusion. To match the differ-
ing token dimensions of the BERT and Llama3 models, we
utilized transformation matrices W,; and Ws. The vec-
tors were then mapped to the @, K, and V spaces of the at-
tention mechanism using three fully connected layers: W,
WK, and Wvl

Q=uWy (7
K = (ljllama Wol) Wk ®)
V = (Ullama WOZ) WV (9)

The cross-attention mechanism generates an Hjg,q Vec-
tor that incorporates insights from a new perspective. This
vector is then fused with the initial user vector, resulting in
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Figure 2: The overall pipeline of the ETM.

the final enhanced user vector Hy,. Here, dj. denotes the di-
mension of the K space.

C?lkf)

Hjpmo = softmax ( Vv (10)

‘ Vi
HP:Hllama+u (11)

Powerful LLM Improve User Vector to MBTI
Label Mapping

MBTI labels represent specific personality traits, each with
its inherent meaning (Myers 1987). By positioning the se-
mantic encoding of user posts closer to their corresponding
labels and farther from unrelated labels, we can improve the
accuracy of subsequent classification tasks. Therefore, we
plan to use the advanced model GPT-4 (Achiam et al. 2023)
to interpret MBTI personality labels from three dimensions:
type definition, thematic inclination, and mode of expres-
sion. Following this, we will employ the contrastive learning
framework proposed by Chen (Chen et al. 2020) to establish
the relationship between the semantics of the post collection
and the label meaning.

To reduce potential hallucinations (Huang et al. 2023) by
GPT-4, we provide it with official interpretations of the 16
MBTI personality labels as part of the prompt. Due to space
constraints, we replace the full MBTI personality interpreta-
tions with {personality authoritative interpretations } and the
specific social network context with {description of the so-
cial media context} in the prompt. The prompt is as follows:

The official interpretations of the 16 personality types
is: {personality authoritative interpretations}. Based on the
Sollowing social media context: {description of the social
media context}, generate discussion content interpretations
forthe 16 MBTI personality types on a social platform. Each
interpretation should include the type’s definition, thematic
tendencies, and typical modes of expression.

First, obtain detailed interpretations of the MBTI person-
ality types, then encode these interpretations using a text en-
coder, and finally apply the max pooling method to maxi-
mize the retention of MBTI personality interpretations:

[hjcn h; o h]L] = Encoder(lj)

Jio

12)
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Frozen Params )
L, :MaxPooling([hJ-4_(],hJ-+1 ...,hj+L]) (13)
l;_ = MaxPooling([h;_,,hj_, ..., hj_.]) (14)

where I corresponds to the label associated with the post
collection, and I;_ corresponds to the remaining labels that
do not pair with the post collection. Here, L represents the
number of tokens after text embedding.
The contrastive loss L.; is defined as:
esim('u,,lj+ )/ T
L c — —

log — . (15)
sim(u,l;, )/T 15 sim(u,l;_)/T
e LY e I
where 7 is a temperature parameter that adjusts the sensitiv-
ity of similarity scores.

Joint Learning

We employ the focal loss function (Lin et al. 2017) to better
target hard-to-classify samples and lessen focus on simpler
ones. A linear layer maps the user vector to match the di-
mensions of MBTI labels Y, and softmax converts these to
probabilities:

y = softmax(HpW,, + by,) (16)
where W,, represents the weight matrix, and b,, is the bias

term used in the softmax calculation.
The focal loss is defined as:

v T
L= 5" [l — p(;:0)) ysi logp(@l6)] - (A7)
i=1 j=1
where « is a weighting factor to balance the importance of
different classes, and ~ adjusts the rate at which easy ex-
amples are down-weighted. The variable V' denotes the total
number of training samples, and y corresponds to the ac-
tual label for each dimension of personality traits. p({|0)
indicates the predicted probability for each dimension, com-
puted based on model parameters 6. Here, T represents the
number of personality dimensions, typically 7" = 4.
Furthermore, we combine the focal loss with the con-
trastive loss:
L=1Lgsg+ ALy (18)
where ) is a hyperparameter adjusting the relative impor-
tance of each loss in the objective function.



Experiments
Datasets

Considering the datasets employed in prior research (Hu
et al. 2024; Yang et al. 2023a, 2021a,b), we also choose to
use the Kaggle! and Pandora? MBTI personality datasets for
our experiments. The Kaggle dataset comes from Personali-
tyCafe? and includes over 8,600 entries. Each entry lists an
individual’s four-letter MBTI type and excerpts from their
50 most recent posts. The Pandora dataset is from Reddit*
and features posts from 9,067 users with self-reported MBTI
types. The number of posts varies, with each user having
from dozens to hundreds of posts. To prevent information
leaks, words related to personality label are replaced with
(mask) (Yang et al. 2023a). We also adopt their data parti-
tioning strategy, splitting the datasets into training, valida-
tion, and testing sets using a 60-20-20 ratio. Performance is
evaluated using the Macro-F1 metric.

Table 1 presents the distribution of MBTI types and the
number of analyzed posts for each dataset. While the Kag-
gle dataset retains its original label distribution, the Pan-
dora dataset, due to its more pronounced class imbalance,
employs undersampling strategies during the training, val-
idation, and testing phases to ensure balanced labels along
each MBTI dimension. With these adjustments, our model
achieves exceptional performance on the Pandora dataset
while maintaining stable, state-of-the-art results on the Kag-
gle dataset. These findings confirm that our model design
consistently demonstrates robust generalization and high-
level performance under varying distributional conditions.

Dataset  Types Train Validation Test
UE  4032/1173  1330/405  1314/421
Kagale SN 7244481 230/1505  243/1492
£8 T/F  2388/2817  802/933  791/944
P/ 31602045  1007/728  1074/661
UE  4314/1126  1425/388  1403/411
pandora SN 6214819 202/1611  205/1609
T/F  3527/1913  1160/653  1164/650
P/ 3211/2229  1064/749  1035/779

Table 1: Statistics of the Kaggle and Pandora datasets.

Baselines

SVM (Cui and Qi 2017) and XGBoost (Tadesse et al.
2018): This method combines all user posts into one long
document, extracts features using a bag-of-words model,
and processes the data with classification algorithms like
SVM or XGBoost.

BiLSTM (Tandera et al. 2017): This method uses a Bi-
LSTM architecture with average pooling to merge post em-
beddings into a single representation for personality predic-
tion.

"https://www.kaggle.com/datasnaek/mbti-type
Zhttps://psy.takelab.fer.hr/datasets/all
3http://personalitycafe.com/forum
*https://www.reddit.com
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BERTconcat (Jiang, Zhang, and Choi 2020): This method
concatenates a user’s posts into one long post, extracts fea-
tures using the BERT model, and maps these features to per-
sonality labels through fully connected layers.

BERTmean (Keh, Cheng et al. 2019): This approach en-
codes posts using the BERT model, applies average pooling
to create user feature representation, and maps these features
to personality labels via fully connected layers.

AttRCNN (Xue et al. 2018): This method uses a hierarchi-
cal deep neural network that combines an AttRCNN struc-
ture with an Inception variant to extract deep semantic fea-
tures from social network texts. These features are then com-
bined with statistical linguistic features and fed into regres-
sion algorithms.

AttnSeq (Lynn, Balasubramanian, and Schwartz 2020):
This method uses a hierarchical attention mechanism to pro-
cess posts, applying word-level and message-level attentions
for personality prediction.

Transformer-MD (Yang et al. 2021a): This method uses a
Multi-Document Transformer architecture to encode posts
without order bias, utilizing memory tokens with shared
position embeddings. This allows dynamic access to infor-
mation across posts, creating a coherent personality profile
across multiple documents.

TrigNet (Yang et al. 2021b): This method uses a psycholin-
guistic tripartite graph network, which combines a BERT-
based initializer with a graph attention mechanism to inte-
grate psycholinguistic knowledge for text-based personality
detection.

D-DGCN (Yang et al. 2023a): This method employs a Dy-
namic Deep Graph Convolutional Network to detect person-
ality traits from social media posts. It constructs graphs dy-
namically, with posts as nodes using multi-hop connectivity
and deep graph convolutional layers, reducing biases from
post order.

TAE (Hu et al. 2024): This method combines LLM-based
text augmentation with a small model to improve personality
detection. It uses LLM to generate augmented posts focus-
ing on semantic, sentiment, and linguistic aspects, enhanc-
ing data and personality label representations.

Implementation Details

Our deep learning models are developed using PyTorch
(Paszke et al. 2017), utilizing AdamW (Loshchilov and
Hutter 2017) as the optimizer. The learning rate is set to
3 x 1075, We conducted our experiments on a setup with
an NVIDIA A6000 GPU. We use BERT-base-uncased
as the text encoder and Meta-Llama-3-8B-Instruct
as the lightweight LLM text embedding extraction tool. The
model setup specifies a batch size of 4, with the temperature
parameter (7) maintained at 0.07 and the trade-off parame-
ter (A) at 1. Each post is limited to 128 tokens. Dataset limits
are set to 50 posts for Kaggle and 100 posts for Pandora.
We use GPT-45 for interpreting MBTI labels and
Meta-Llama-3-8B-Instruct for evaluating the per-
formance of fine-tuned lightweight models on personality

Shttps://chat.openai.com



Posts: [ am all about the sacrament of reconciliation (confession)x85...
Please determine the author” s MBTI type based on the following text.
Please answer the MBTI type directly with out any other explanation.
MBTI has four letters, the first letter is E or L. the second letter is N or S, the
third letter is T or F, and the fourth letter is J or P. The above is the content
of the posts. Your response must be one of the sixteen MBTI types. Here
are the sixteen types enumerated: ISTJ, ISFJ, INFJ, INTJ, ISTP, ISFP,
INFP, INTP, ESTP, ESFP, ENFP, ENTP. ESTJ, ESFJ, ENFJ. ENTJ.
Output | INFP

(a) Prompt Template for Llama3 MBTI 16-Type Classification

Prompt

Prompt: Based on the text paragraph, would you infer the author:
is more extroverted (E) or introverted (I)? Output: ]
Prompt: Considering the details in the text paragraph, do you Output: N
think the author relies more on sensing (S) or intuition (N)? :
Prompt: From the given text paragraph, does it appear that the Output: F
author makes decisions based on thinking (T) or feeling (F)? :
Prompt: Analyzing the text paragraph, would you say the author

o g L Output: P
prefers judging (J) or perceiving (P)?

(b) Prompt Template for Llama3 MBTI Binary Classification

Figure 3: Prompts for fine-tuning lightweight LLM.

detection task. The fine-tuning process was conducted un-
der the LoRA framework (Hu et al. 2021). We selected a
rank of 16 and conducted the fine-tuning over a duration of
5 epochs. The learning rate was set at 0.0001, and the train-
ing was carried out with a batch size of 8.

Performance of Lightweight LLM

In the task of fine-tuning lightweight LLM for personality
detection, it can be understood as involving a 16-category
classification for MBTI personality types, with the prompt
used shown in Figure 3 (a). Alternatively, for binary classi-
fication of each MBTI dimension, the prompt used is shown
in Figure 3 (b). Zero-shot methods are also used as a base-
line experiment to verify whether fine-tuning is effective.
The experimental results, as shown in Table 2, indicate
that the fine-tuning performs better than the zero-shot ap-
proach but is still significantly lower than the baseline us-
ing the small BERT model. The results from experiments
using fine-tuned lightweight LLM, alongside insights from
previous work (Hu et al. 2024) on employing ChatGPT for
personality detection, indicate that relying only on LLM for
personality detection can lead to poor performance.

Kaggle
Methods VE (SN [TF [P | Avg
Llama3+ zero-shot | 43.63 | 48.66 | 47.55 | 49.27 | 47.28
Llama3+ FT (2) 4875 | 46.25 | 48.54 | 48.62 | 48.04
Llama3+ FT (16) 48.80 | 49.26 | 47.55 | 50.26 | 48.97
BERT _mean 64.05 | 57.82 | 77.06 | 65.25 | 66.04
ETM(our) 68.97 | 71.21 | 86.19 | 84.78 | 77.79

Table 2: Performance comparison on Kaggle dataset.

Overall Results

Table 3 shows that our ETM method surpasses all exist-
ing baseline models on the benchmark dataset in terms of
Macro-F1 scores. Specifically, our ETM model secures per-
formance gains of 9.78% and 11.51% over TrigNet, and
9.03% and 7.12% over D-DGCN on the benchmark datasets
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by effectively utilizing concatenated post representations,
a feature that previous methods overlooked by ignoring
post order. Additionally,Our ETM model outperforms the
BERT concat method by 28.35% and 22%, addressing its
limitations in context length and truncation, thanks to the
lightweight LLM’s improved capacity for handling extended
context. Our model outperforms TAE by 7.94% and 4.31%
on the benchmark datasets. Although TAE uses personality
label semantics to produce soft labels, it doesn’t fully lever-
age this information, resulting in only minor improvements
in ablation studies. In contrast, our model fully interprets
label information through LLM and integrates it into a con-
trastive learning framework, significantly refining the rela-
tionship between user vectors and the meanings of the 16
personality labels. Overall, our model achieves outstanding
performance due to two key enhancements. Firstly, the inte-
gration of a lightweight LLM significantly boosts the small
model encoder’s capability to process extended texts and de-
liver distinct semantic insights. Secondly, we employ a pow-
erful LLM to generate multi-dimensional interpretations of
personality labels, which are effectively incorporated within
a contrastive learning framework.

Ablation Study

To evaluate the significance of each component within our
ETM model, we conducted an ablation study using the Kag-
gle dataset, as shown in Table 4. By employing a lightweight
LLM to enhance user representation, removing this en-
hancement led to an 8.5% decrease in overall performance,
confirming the significance of the diverse embedding se-
mantics of lightweight LLM as a complement to textual
features. Furthermore, we utilized the powerful generative
model to interpret personality labels and employed a con-
trastive learning framework to establish the relationship be-
tween user vectors and label vectors. The removal of this
component resulted in a performance decrease of 6.97%,
highlighting the value of using multi-dimensional person-
ality labels in the mapping process. We interpret person-
ality labels from three perspectives: type definitions, the-
matic inclinations, and modes of expression. Removing
these interpretations individually led to performance de-
creases of 1.95%, 1.63%, and 0.98% respectively, show-
ing that type definitions have the greatest impact on perfor-
mance among the multi-dimensional interpretations. When
both key components are removed, the performance dete-
riorates by 12.99%, further validating the architecture’s ef-
ficacy in personality detection. These results demonstrate
that our model effectively leverages the text embedding and
generation capabilities of LLMs to significantly enhance the
mapping process from user posts to personality labels.

Impact of Llama3 Layer Selection

The Llama3 model is used as a crucial component to obtain
representations of user posts from a lightweight LLM per-
spective, thereby enhancing the user vector representations.
Given that the deeper layers of the transformer architecture
can capture richer semantic information, we set up a compar-
ative experiment by selecting the last d,,, embedding layers
of Llama3 for average pooling between layers. As shown in



Kaggle Pandora
Methods UE SN TF PJ [ &g | VE SN _TF PO | Avg
SVM (Cui and Qi 2017) 5334 47775 76.72 63.03 | 60.21 | 44.74 4692 64.62 56.32 | 53.15
XGBoost (Tadesse et al. 2018) 56.67 52.85 7542 6594 | 62.72 | 4599 4893 63.51 55.55 | 53.50
BiLSTM (Tandera et al. 2017) 57.82 57.87 69.97 57.01 | 60.67 | 48.01 52.01 6348 56.21 | 54.93
BERT _concat (Jiang, Zhang, and Choi 2020) 5833 53.88 69.36 60.88 | 60.61 | 5422 49.15 5831 53.14 | 5391
BERT _mean (Keh, Cheng et al. 2019) 64.05 57.82 77.06 65.25 | 66.04 | 56.60 48.71 64.70 56.07 | 56.52
AttRCNN (Xue et al. 2018) 59.74 64.08 78.77 66.44 | 67.25 | 48.55 56.19 64.39 57.26 | 56.60
AttnSeq (Lynn, Balasubramanian, and Schwartz 2020) | 65.43 62.15 78.05 63.92 | 67.39 | 56.98 5478 60.95 54.81 | 56.88
Transformer-MD (Yang et al. 2021a) 66.08 69.10 79.19 67.50 | 70.47 | 5526 58.77 69.26 60.90 | 61.05
TrigNet (Yang et al. 2021b) 69.54 67.17 79.06 67.69 | 70.86 | 56.69 55.57 66.38 57.27 | 58.98
D-DGCN (Yang et al. 2023a) 68.41 65.66 79.56 67.22 | 70.21 | 61.55 5546 71.07 59.96 | 62.01
D-DGCN+{, (Yang et al. 2023a) 69.52 67.19 80.53 68.16 | 71.35 | 59.98 55.52 70.53 59.56 | 61.40
TAE (Hu et al. 2024) 7090 66.21 81.17 70.20 | 72.07 | 62.57 61.01 69.28 59.34 | 63.05
ETM (our) 68.97 71.21 86.19 84.78 | 77.79 | 68.57 6491 66.07 63.53 | 65.77
Table 3: Performance comparison on Kaggle and Pandora datasets.
Methods Kaggle Comparison of Kaggle and Pandora Macro F1 Scores
IVE | SN | T/F | P/J | Avg 79 S 70
ETMo/o lamas-boost | 61.10] 56.98| 84.12| 82.51| 71.18 D et ]| P
ETMu/o gpia-ct 57.50] 65.31| 83.00| 83.68] 72.37 o7 -
ETM./o definition 67.95| 67.54| 85.17| 84.42| 76.27 . 662
ETM.y/o tendencies 69.48| 68.31| 85.74| 82.54| 76.52 é 642
ETMy/o expression 68.28| 69.58| 85.24| 85.03| 77.03 243 g
ETMy/0 anl 55.31] 49.00| 82.92| 83.50| 67.68 g 622
ETM (our) 68.97| 71.21| 86.19| 84.78] 77.79 S o0
Table 4: Results of ablation study on Macro-F1 on the Kag- 69 510 15 20 25 30 35 40 45 8
gle dataset. lambda

Table 5, choosing the last five embedding layers of Llama3
is more effective in helping the small model enhance the rep-
resentation of user vectors.

Kaggle

Methods

VE |SIN |T/F |PJ | Avg
gl mdn) 1 68.19 | 68.82| 82.65 | 85.09 | 76.19
(lmadin) | 69.40 | 68.07 | 83.48 | 85.16 | 76.53
(lman) | 67.97 | 67.52| 85.65 | 80.51 | 75.41
g man) | 68.51 | 68.71| 85.73 | 82.45 | 76.35
Llama3,d,,
(lmaydn) | 68.97 | 7121 | 86.19 | 84.78 | 77.79

Table 5: Performance of Selecting Llama’s Last d,,, Layer
Embeddings.

Effect of Trade-Off Parameter

We tested various A in the ETM, from {0.5, 1, 1.5, 2, 2.5, 3,
3.5, 4, 4.5}. Figure 4 demonstrates that the model’s perfor-
mance is optimal at A\ = 1 across the benchmark datasets,
with a decline in performance as A exceeds this value. This
indicates that a moderate increase in A improves the map-
ping from user vectors to personality labels by via con-
trastive learning. However, excessively high A values cause
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Figure 4: Performance curves for different trade-off param-
eter.

the focus loss to become increasingly insignificant in the op-
timization objective, resulting in poorer performance. There-
fore, A = 1 is identified as the optimal setting.

Conclusion

In this paper, we propose the LLM-Enhanced Text Mapping
Model for Personality Detection, which achieves the goal of
accurately mapping posts to specific personality types. Our
method leverages the text embedding and text generation ca-
pabilities of LLM to address the issues of poor user vector
representation and the insufficient relationship between user
vectors and personality labels in small model-based person-
ality detection. Firstly, we employ lightweight LLM text em-
beddings for concatenated documents, enhanced by a cross-
attention mechanism to improve user vector accuracy. Sec-
ondly, we use a powerful LLM to deliver multidimensional
explanations of personality labels. This is integrated with a
contrastive learning framework that better maps text to la-
bels, enhancing the process. Our model outperforms the best
existing baseline methods on benchmark datasets, achieving
improvements of 7.94% and 4.31%. In future work, we plan
to build a knowledge graph focused on emotion theory and
psychology to enhance text-based emotion recognition with
LLMs, improving our personality detection model.
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