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Abstract

Personality detection aims to detect one’s personality traits
underlying in social media posts. One challenge of this task is
the scarcity of ground-truth personality traits which are col-
lected from self-report questionnaires. Most existing meth-
ods learn post features directly by fine-tuning the pre-trained
language models under the supervision of limited personality
labels. This leads to inferior quality of post features and con-
sequently affects the performance. In addition, they treat per-
sonality traits as one-hot classification labels, overlooking the
semantic information within them. In this paper, we propose
a large language model (LLM) based text augmentation en-
hanced personality detection model, which distills the LLM’s
knowledge to enhance the small model for personality detec-
tion, even when the LLM fails in this task. Specifically, we
enable LLM to generate post analyses (augmentations) from
the aspects of semantic, sentiment, and linguistic, which are
critical for personality detection. By using contrastive learn-
ing to pull them together in the embedding space, the post
encoder can better capture the psycho-linguistic information
within the post representations, thus improving personality
detection. Furthermore, we utilize the LLM to enrich the in-
formation of personality labels for enhancing the detection
performance. Experimental results on the benchmark datasets
demonstrate that our model outperforms the state-of-the-art
methods on personality detection.

Introduction
Personality is a combination of a person’s internal charac-
teristics, which can be reflected in their behavior (Stajner
and Yenikent 2020). Personality traits are defined by long-
established personality theories such as the Myers-Briggs
Type Indicator (MBTI) taxonomy (Myers-Briggs 1991).
Personality detection aims to detect one’s personality traits
underlying in social media posts. This emerging task in com-
putational psycho-linguistics can provide specific personal-
ity information about the person and has been utilized in var-
ious applications, such as dialogue systems (Wen et al. 2021;
Yang, Chen, and Narasimhan 2021) and psychological treat-
ments (Bagby et al. 2016).

Traditional personality detection methods mostly rely on
manually designed features, such as Linguistic Inquiry and
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Word Count (LIWC) (Tausczik and Pennebaker 2010), that
bring psychology theories and linguistic methods together.
Recent works use end-to-end deep neural network to ob-
tain text representations automatically in a data-driven man-
ner (Jiang, Zhang, and Choi 2020; Keh and Cheng 2019;
Lynn, Balasubramanian, and Schwartz 2020; Gjurković
et al. 2021). However, extracting effective personality in-
formation from online posts is a non-trivial task. One main
challenge is the scarcity of ground-truth personality traits,
as they are collected from self-report questionnaires, which
is time-consuming and often raises concerns related to user
privacy. To overcome the issue, pre-trained language mod-
els have been applied to learn post representations (Yang
et al. 2021b; Xue et al. 2018; Yang et al. 2021b). To fur-
ther improve the post representations, TrigNet (Yang et al.
2021b) considers the contextual information of a user’s posts
as well as the external psycho-linguistic knowledge from
LIWC (Xue et al. 2018). However, the learned post repre-
sentations are still unsatisfactory, resulting in inferior per-
formance. In addition, they treat personality traits as one-hot
classification labels, overlooking the semantic information
within them.

Recently, Large language models (LLMs) (Brown et al.
2020; Sun et al. 2021; Ouyang et al. 2022; Zhang et al. 2022)
have demonstrated significant capability in various natural
language processing tasks under a generative format in zero-
shot or few-shot scenarios. However, it demonstrates unsat-
isfactory performance in personality detection compared to
task-specific small model (Ji et al. 2023). Inferring people’s
personality traits from online posts is a complex and difficult
task. Despite the ineffectiveness of LLMs in this task, pre-
vious studies have demonstrated that LLMs exhibit strong
language abilities, such as text comprehension, summariza-
tion, and sentiment analysis (Zhang et al. 2023; Wang et al.
2023b; Hsieh et al. 2023), which can be used to distill useful
knowledge for enhancing small models. On the one hand,
we can leverage LLMs to generate post analyses (augmenta-
tions) from the aspects of semantic, sentiment, and linguis-
tic, which are key factors for personality detection (Fang
et al. 2023). In this way, we can use the augmented post
information to learn better post embeddings for personal-
ity detection. On the other hand, we can also use LLMs to
generate explanations of the complex personality labels to
enrich the label information for improving personality de-
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tection.
In this paper, we propose a large language model based

text augmentation enhanced personality detection model,
which distills useful knowledge from LLMs to enhance a
small model’s personality detection capabilities, both on
the data side and the label side. On the data side, we fol-
low the methodology of contrastive sentence representation
works (Gao, Yao, and Chen 2021; Cheng et al. 2023a),
using the LLM to generate knowledgeable post augmen-
tations from semantic, sentiment and linguistic aspects to
provide personality-related knowledge. With the post aug-
mentations, our contrastive post encoder can capture more
psycho-linguistic information within the post representa-
tions. It is noteworthy that this method does not introduce
extra costs during inference. On the label side, considering
the personality labels are highly complex in their implica-
tions, which makes it difficult for detection, we also use the
LLMs to generate additional explanations for the labels to
enrich the label information for improving the detection per-
formance.

In summary, our main contributions are as follows:

• We propose a novel LLM based text augmentation en-
hanced personality detection model, which distills useful
knowledge from LLMs to the small model, alleviating
the issue of data scarcity and improving personality de-
tection.

• Our model enables LLM to generate post augmentations
for contrastive post representation learning from three
specially designed aspects: semantic, sentiment, and lin-
guistic, which are key factors for personality detection.
Additionally, we use LLM to generate explanations of
the personality labels for further improving the detection
performance.

• Experimental results on benchmark datasets have
demonstrated that our model outperforms the state-of-art
baselines, which shows the effectiveness of our method.

Related Work
Personality Detection
Traditional personality detection relies on manual statistical
feature engineering (Yarkoni 2010; Schwartz et al. 2013),
such as extracting psycho-linguistic features from Linguis-
tic Inquiry and Word Count (LIWC) (Tausczik and Pen-
nebaker 2010) or statistical text features from the bag-of-
words(Zhang, Jin, and Zhou 2010) model. As deep learn-
ing rapidly advances, a variety of Deep Neural Networks
(DNNs) have been employed for personality detection tasks,
resulting in significant success, including CNN (Xue et al.
2018), LSTM (Tandera et al. 2017), GRU (Lynn, Balasub-
ramanian, and Schwartz 2020), etc. Recently, personality
detection has benefited from pre-trained language models.
Jiang, Zhang, and Choi (2020) achieves promising perfor-
mance by simply concatenating all the utterances from a sin-
gle user into a document and encoding it with BERT (Devlin
et al. 2019) and RoBERTa (Liu et al. 2019). Some works
improve it by leveraging the contextual information and ex-
ternal psycho-linguistic knowledge from LIWC (Yang et al.

2021a,b; Zhu et al. 2022). For example, Transformer-MD
(Yang et al. 2021a) stores posts’ hidden states in the mem-
ory of Transformer-XL (Dai et al. 2019) in order to avoid in-
troducing post-order bias. TrigNet (Yang et al. 2021b) con-
structs a heterogeneous graph between posts for each user
based on the psycho-linguistic knowledge in LIWC and ag-
gregates useful information with a GAT. D-DGCN (Yang
et al. 2023) builds a dynamic graph, which enables the
model to learn the connections between the posts, and em-
ploys DGCN to integrate the information. Although these
methods achieve promising performance, they still suffer
from the limited supervision of insufficient personality la-
bels, which leads to inferior quality of post embeddings that
consequently affect the model performance.

Contrastive Sentence Representation Learning
Contrastive learning was initially proposed by Hadsell,
Chopra, and LeCun (2006) and has been widely used for
self-supervised representation learning in various domains.
In the realm of NLP, a fundamental application of con-
trastive learning lies in sentence representation learning, ap-
plicable to both self-supervised and supervised scenarios.
Yan et al. (2021) and Gao, Yao, and Chen (2021) propose
different data augmentation strategies for contrastive learn-
ing using unlabeled data. In the supervised contrastive learn-
ing scenario, SimCSE (Gao, Yao, and Chen 2021) demon-
strated that supervised Natural Language Inference (NLI)
datasets (Bowman et al. 2015; Williams, Nangia, and Bow-
man 2018) are effective for learning sentence embeddings
by taking sentences with entailment labels as positive sam-
ples. Capitalizing on the strong capability of large language
models, CLAIF (Cheng et al. 2023b) utilizes LLM to gener-
ate similar text and similarity score, using them as positive
samples and weights in info-NCE loss, thereby achieving
improved performance. Different from these approaches, we
generate data augmentations from the LLM, which contains
task-specific information, to enhance personality detection
performance.

Knowledge Distillation from Large Language
Models
Knowledge distillation is used to transfer knowledge from
a larger, more powerful teacher model, into smaller stu-
dent models, enhancing their performance in practical ap-
plications (Hinton, Vinyals, and Dean 2015; Iliopoulos et al.
2022; Wang et al. 2021). Recently, depending on the strong
language abilities of LLMs, generating additional training
data from LLMs for improving smaller models has become
a new knowledge distillation trend (Wang et al. 2023a). For
example, Self-instruct (Wang et al. 2023a) distills instruc-
tional data to enhance the instruction-following capabilities
of pre-trained language models. Hsieh et al. (2023) gen-
erates rational text from LLMs to enhance the inference
abilities of smaller models. Similarly, CLAIF (Cheng et al.
2023b) leverages LLMs to produce similar texts, aiming to
learn a better sentence representations. In this paper, we pro-
pose to leverage LLMs to generate post analyses (augmen-
tations) from specially-designed perspectives to enhance the
small model for personality detection.
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Figure 1: An example of personality detection using the
LLM: The result provided by the LLM is ISFJ, while the
actual ground truth is ENFP.

Method
Personality detection can be defined as a multi-document
multi-label classification task (Yang et al. 2021b, 2023).
Formally, given a set P = {p1, p2 . . . pn} of N posts
from a user, where pi = [wi1, wi2, . . . , wim] is i-th post
with m tokens. This task aims to predict t-dimensional
personality traits from the trait-specific label space Y =
{y1,y2, . . . ,yT } based for one user based on P . For
MBTI taxonomy, T = 4 and yt is one-hot vector. In
this paper, we instruct the LLM to generate summariza-
tions from semantical, sentimental and linguistic analysis
for post augmentation. The augmented data represented as
X = {P, P s, P e, P l}, where P s, P e, P l correspond to the
analysis texts for semantic, sentiment and linguistic, respec-
tively. For the personality labels, we also utilize the LLM
to generate explanations of the labels from semantic, sen-
timent and linguistic perspectives, thereby enriching the la-
bel information. For dimension t, the label descriptions are
represented as ŷt = {Lyt,0, Lyt,1}, where each Lyt,j =
{lsyt,j

, leyt,j
, llyt,j

}, corresponding to the semantic, sentiment
and linguistic descriptions.

Analysis of LLM Performance on Personality
Detection
LLMs show strong capabilities in many downstream tasks.
However, their performance on the personality detection
task is unsatisfying, as discussed in Section 4.6. Figure 1
shows a failure case of LLMs, where it wrongly classi-
fied ENFP as ISFJ. When we prompt the LLM to elucidate

the analysis process underlying its classification, Figure 1
shows that the LLM primarily infers the personality traits
based on only the post semantics. However, previous stud-
ies (Tausczik and Pennebaker 2010; Stajner and Yenikent
2020) demonstrate that the way people communicate and
their sentiments often reveal more about their psychologi-
cal state than the semantics of their communication content.
LLM fails to capture the sentiment and linguistic patterns
for personality detection.

Generating Knowledgeable Post Augmentations
from LLMs
Personality detection is a complex and difficult task, since
the personality traits are latent theoretical variables that can-
not be directly or objectively observed (Fang et al. 2023).
Previous research has demonstrated a strong link between
personality traits and a person’s sentiments, words, and
opinions (Kishima et al. 2021; Johnson et al. 2023). There-
fore, despite of the ineffectiveness of the LLM in this task,
we propose to fully utilize the LLM’s abilities to distill
personality-related knowledge, aiming to enhance smaller
models for improving personality detection performance.

Specifically, we empirically instruct LLM (chatGPT) to
generate post analyses from three aspects: semantic, senti-
ment, and linguistic, serving as data augmentations to origi-
nal post. One analyses example is shown in Figure 2 gener-
ated with the instruction as follows:

Your task is to analyze the characteristics of a user based
on a piece of text published by the user on the Internet. You
are required to analyze it from the perspectives of semantic,
sentiments, and linguistics. Note that if the text is incomplete
and ends with an ellipsis, it may have been truncated due to
external reasons, in which case you should ignore it. post:. . .

Contrastive Post Encoder
Contrastive learning aims to learn efficient representations
by aligning semantically similar entities closer and distanc-
ing the dissimilar ones (Hadsell, Chopra, and LeCun 2006;
Gao, Yao, and Chen 2021). One key component of con-
trastive learning is the selection of positive pairs.

With the obtained post augmentations from the LLM
as positive samples, we learn the post embeddings with
the contrastive post encoder that able to capture more
personality-related feature.

Formally, for i-th post pi and it’s analysis from three as-
pect Ppos = {psi , pei , pli}, we use the final hidden state of
”[CLS]” as the sentence representation:

hi = BERT (pi) ∈ R1×d, (1)

h+
i = BERT

(
p+i
)
,where p+i ∈ {psi , pei , pli}. (2)

Due to the distribution difference between the original
post text and the analysis text, we add an extra MLP same to
original BERT implementation as a projection head to miti-
gate this discrepancy:

zi = δ (Whi + b) , (3)

z+i = δ
(
Wh+

i + b
)
, (4)
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Figure 2: An overview of our TAE.

where δ is Tanh function. We adopt the contrastive frame-
work presented by Chen et al. (2020), utilizing a post-wise
info-NCE loss with in-batch negatives, for i-th post in mini-
batch:

Lcl =
1

M

M∑
i=1

ℓcli (5)

ℓcli = − log
∑

(zi,z
+
i )∈Ppos

esim(zi,z
+
i )/τ∑M

j=1

∑
(zj ,z

+
j )∈Ppos

esim(zi,z
+
j )/τ

,

where M is total number of post in mini-batch, τ is tem-
perature hyperparameter and sim (z1, z2) is cosine similarity

z⊤
1 z2

∥z1∥·∥z2∥ .
After obtaining posts representation of a user, we simply

use average pooling method to produce the user representa-
tion:

u = mean ([h1,h2, . . . ,hN ]) . (6)

LLM Enriching Label Information
Previous methods directly use one-hot label for personality
detection, overlooking the information in personality traits.
Since personality traits are complicated to comprehension,
we also turn to the LLM to generate explanations of each
trait from semantic, sentiment and linguistic perspectives,
as the same to post augmentations.

Specifically, given a personality label Lyt,j , containing
three descriptions from semantic, sentiment and linguistic
aspects Lyt,j = {lsyt,j

, leyt,j
, llyt,j

}, the label representation
is obtained by:

vyt,j = mean ([BERT (lyt,j)]) ,where lyt,j ∈ Lyt,j , (7)

where we also use the embedding of ”[CLS]” in last layer as
the sentence embedding.

Based on label representations, we generate soft labels to
overcome the over-confident issue, which is primarily at-
tributed to the information loss in the MBTI taxonomy’s
binary classification, which neglects the position on the
scale (Stajner and Yenikent 2020). Dataset label noise in-
troduced by the questionnaire measurement errors (Anusic
et al. 2009) could also lead to the over-confident issue. We
leverage the generated label information to assign a soft la-
bel to a user based on the similarity between the user em-
bedding and the label embedding.

Formally, to generate soft label, we first calculate the
dimension-wise label similarity distribution with cosine
similarity and softmax function. Then, we combine the orig-
inal one-hot vector with a controlling parameter α and apply
an additional softmax function:

ys
t = softmax (sim (u,Vyt)) , (8)
yc
t = softmax (αyt + ys

t ) , (9)

In this way, we can assign a softer label instead of one-hot
label when a user is relatively neutral within a dimension,
improving model’s generalization ability.

Finally, we employ T softmax-normalized linear trans-
formations to predict personality traits, and apply a KL-
divergence as the loss function:

ŷt = softmax
(
uW t

u + btu
)
, (10)

Ldet = − 1

B

B∑
i=1

ℓdeti ,
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Dataset Types Train Validation Test

Kaggle

I / E 4011/1194 1326/409 1339/396
S / N 727/4478 222/1513 248/1487
T / F 2410/2795 791/944 780/955
P / J 3096/2109 1063/672 1082/653

Pandora

I / E 4278/1162 1427/386 1437/377
S / N 610/4830 208/1605 210/1604
T / F 3549/1891 1120/693 1182/632
P / J 3211/2229 1043/770 1056/758

Table 1: Statistics of the Kaggle and Pandora datasets.

ℓdeti =
T∑

t=1

KL-divergence
(
yc, ŷt

)
=

T∑
t=1

∑
j=0,1

yc
j log

(
yc
j

ŷt
j

) (11)

where B denotes number of samples in batch. Overall, the
whole training objective of TAE is formulated as follows:

L = Ldet + λLcl, (12)

where λ is a trad-off parameter to balance the two losses.

Experiments
Datasets
Following previous studies (Yang et al. 2021a,b, 2023), we
choose two widely used datasets in personality detection,
Kaggle1 and Pandora2 (Gjurković et al. 2021). The Kag-
gle dataset is collected from PersonalityCafe3, a platform
where people share their personality types and engage in
daily communications. This dataset contains a total of 8675
users, with each user contributing 45-50 posts. Pandora is
another dataset collected from Reddit4, where personality la-
bels are extracted from users’ self-introductions that contain
MBTI types. This dataset contains dozens to hundreds of
posts from each of the 9067 users. Both datasets are based on
the MBTI taxonomy, which divides people’s personality into
four dimensions, each containing two aspects: Introversion
vs. Extroversion (I vs. E), Sensing vs. iNtuition (S vs. N),
Thinking vs. Feeling (T vs. F), and Perception vs. Judging
(P vs. J). Since the two datasets are severely imbalanced,
we employ the Macro-F1 metric, and use average Macro-F1
for overall performance. We adopt the same data division as
in (Yang et al. 2023), which shuffles the datasets and splits
them in a 60-20-20 proportion for training, validation, and
testing, respectively. Table 1 shows the statistics of the two
datasets.

Baselines
We compare our model with several baselines as follows.

1https://www.kaggle.com/datasnaek/mbti-type
2https://psy.takelab.fer.hr/datasets/all
3http://personalitycafe.com/forum
4https://www.reddit.com

SVM (Cui and Qi 2017) and XGBoost (Tadesse et al.
2018): These methods concatenate all the posts of a user
into a document first, and then utilize SVM or XGBoost
for classification based on features extracted using bag-of-
words models.

BiLSTM (Tandera et al. 2017): Glove is employed for
generating word embeddings. Subsequently, a Bi-directional
LSTM is used to encode each post, with the averaged post
representation serving as the user representation for person-
ality detection.

BERTconcat (Jiang, Zhang, and Choi 2019): It concate-
nates a user’s posts into an extended document and then em-
ploys BERT to encode this composite text for user represen-
tation.

BERTmean (Keh and Cheng 2019): It uses BERT to en-
code each post individually, extracting the CLS embedding
for the post representation. Then, it employs mean pooling
to derive the user representation.

AttRCNN (Xue et al. 2018): It adopts a hierarchical
structure, in which a variant of Inception (Szegedy et al.,
2017) is utilized to encode each post and a CNN-based ag-
gregator is employed to obtain the user representation. Be-
sides, it considers psycho-linguistic knowledge by concate-
nating the LIWC features with the user representation.

SN+Attn (Lynn, Balasubramanian, and Schwartz 2020):
It is also a hierarchical network that employs GRU and atten-
tion mechanisms to encode sequences from both the word-
level and post-level for user representation, using a pre-
trained 200-dimensional word2vec model (Mikolov et al.,
2013) for word embeddings.

Transformer-MD (Yang et al. 2021a): Transformer-MD
draws inspiration from the Transformer XL, first employing
a low-level encoder to individually encode each post, storing
the CLS embeddings in memory. Then, a high-level encoder
aggregates information from all other posts to further encode
the post.

TrigNet (Yang et al. 2021b): TrigNet constructs a tri-
graph for each user consisting of posts, words, and word cat-
egories, based on LIWC dictionary. It then employs a mod-
ified GAT to encode the graph and uses average pooling to
obtain a user representation.

D-DGCN (Yang et al. 2023): DDGCN employs a dy-
namic graph to model a user’s posts, allowing the model to
learn the connections between posts autonomously, and then
uses DGCN to encode the graph and obtains a user represen-
tation. It has a variant D-DGCN+ℓ0 representing adding ℓ0
norm with Hard Concrete distribution.

ChatGPT5: We applied the ’gpt-3.5-turbo-0301’ version
of ChatGPT, and set the temperature to 0, making the outputs
mostly deterministic for the identical inputs.

Implementation Details
All the deep learning models are implemented in PyTorch,
and the optimizer used is Adam (Kingma and Ba 2014). The
learning rate for the pre-trained post encoder is set to 1e-
5, and for other parameters is set to 1e-3. We employed
’bert-base-uncased’ from BERT as our post encoder. The

5https://chat.openai.com/
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Methods Kaggle Pandora
I/E S/N T/F P/J Average I/E S/N T/F P/J Average

SVM 53.34 47.75 76.72 63.03 60.21 44.74 46.92 64.62 56.32 53.15
XGBoost 56.67 52.85 75.42 65.94 62.72 45.99 48.93 63.51 55.55 53.50
BiLSTM 57.82 57.87 69.97 57.01 60.67 48.01 52.01 63.48 56.21 54.93
BERTconcat 58.33 53.88 69.36 60.88 60.61 54.22 49.15 58.31 53.14 53.71
BERTmean 64.65 57.12 77.95 65.25 66.24 56.60 48.71 64.70 56.07 56.52
AttRCNN 59.74 64.08 78.77 66.44 67.25 48.55 56.19 64.39 57.26 56.60
SN+Attn 65.43 62.15 78.05 63.92 67.39 56.98 54.78 60.95 54.81 56.88
Transformer-MD 66.08 69.10 79.19 67.50 70.47 55.26 58.77 69.26 60.90 61.05
TrigNet 69.54 67.17 79.06 67.69 70.86 56.69 55.57 66.38 57.27 58.98
D-DGCN 68.41 65.66 79.56 67.22 70.21 61.55 55.46 71.07 59.96 62.01
D-DGCN+ℓ0 69.52 67.19 80.53 68.16 71.35 59.98 55.52 70.53 59.56 61.40
ChatGPT 65.86 51.69 78.60 63.93 66.89 55.52 49.79 71.25 60.51 59.27
TAE(our) 70.90 66.21 81.17 70.20 72.07 62.57 61.01 69.28 59.34 63.05

Table 2: Overall results of our TAE and baseline models in Macro-F1 (%) score.

mini-batch size is set to 8. The temperature τ is set to 0.07
and trade-off parameter λ is set to 1.The controlling param-
eter α is set to 4. Following previous works (Yang et al.
2021b, 2023, 2021a), We limit each user to a maximum of 50
posts, and limit each post and analysis text in both datasets
to a maximum length of 70 words. Additionally, we re-
place words that match any personality label with ⟨type⟩ to
avoid information leaks (Yang et al. 2021b). For the LLM, in
consideration of cost and efficiency, we use ’gpt-3.5-turbo-
0301’ model to generate post augmentations.

Overall Results

The overall results are presented in Table 2. We can find
that the proposed TAE consistently outperforms all the
baselines on Macro-F1 scores. Compared to the best base-
lines D-DGCN (71.35% on average Macro-F1) and D-
DCGN+l0 (62.01%) respectively on Kaggle dataset and
Pandora dataset, our model improves them by 1.01% and
1.68%, respectively. The result demonstrates the superiority
of our model in personality detection. We believe the reasons
are two-fold: (1) Our model TAE benefits from the post aug-
mentations generated by the LLM, enabling the contrastive
post encoder to extract information that is more conducive
to personality detection. (2) The generated additional expla-
nations of personality labels effectively help in accomplish-
ing the detection task. We can also find that compared to
BERTmean, our model has a marked improvement, with re-
spective gains (5.83% on the Kaggle dataset and 6.53% on
the Pandora dataset). This demonstrates that data augmenta-
tions from LLM in data-scarce situations is highly advan-
tageous. Finally, we can observe that methods leveraging
external psycho-linguistic knowledge from LIWC, such as
AttRCNN and TrigNet achieve relatively good results, vali-
dating the effectiveness of introducing external knowledge.
Furthermore, our model achieves the best performance, in-
dicating that the generated post analyses and label explana-
tions from large language models can provide effective in-
formation for personality detection.

Methods Kaggle
I/E S/N T/F P/J Average

TAEw/o semantic 71.24 66.34 80.61 67.43 71.40
TAEw/o sentiment 70.14 65.29 80.03 69.55 71.25
TAEw/o linguistic 70.34 65.69 78.89 69.71 71.07
TAEw/o label 70.57 65.89 81.90 69.78 72.02
TAEw/o All 64.65 57.12 77.95 65.25 66.24
TAEConcat 66.60 64.28 78.19 62.55 67.91
TAEWS 64.63 62.62 77.68 64.30 67.31
TAE 70.90 66.21 81.17 70.20 72.07

Table 3: Results of ablation study on Macro-F1 on the Kag-
gle dataset.

Ablation Study

To verify the importance of each component in our TAE
model, we conduct an ablation study on the Kaggle dataset.
First, we analyze the contributions of the post augmentations
from each aspect. As we can see from Table 3, among the
three aspects, linguistic augmentation proves to be the most
important one in our method, as the average Macro-F1 score
declines most largely when it is removed. Furthermore, the
semantic information is the least influential augmentation.
This indicates that the semantic information is relatively less
important for personality detection, which is consistent with
the observations in previous works (Yang et al. 2021b; Sta-
jner and Yenikent 2020). When removing the LLM based
label information enrichment, the performance of the model
slightly decreases. The ablation studies demonstrate that our
model benefits from the LLM generated post augmentations
from semantic, sentiment and linguistic aspects, as well as
the LLM based label information enrichment.

To further explore the effectiveness of using the LLM-
generated analysis texts as data augmentations for con-
trastive post representation learning, we conducted ablation
experiments. We compared this approach with the variants
that directly use these LLM-based analysis texts (post aug-
mentations) as additional input. TAEConcat first encodes post
and analyses respectively and then concatenates their em-
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Methods Kaggle
I/E S/N T/F P/J Average

ChatGPT 65.86 51.69 78.60 63.93 66.89
ChatGPTcot 65.13 60.35 75.73 59.30 65.12
ChatGPT3 shot 70.61 58.35 76.58 65.43 67.74
TAE 70.90 66.21 81.17 70.20 72.07

Table 4: ChatGPT performances on kaggle testing set.

beddings. TAEWS denotes using weighted sum as the pool-
ing method of the post features and post augmentation fea-
tures. TAEw/o All denotes removing all components in TAE
which is an original BERT with mean pooling. Table 4
shows their performance on the Kaggle dataset, we can ob-
serve that models taking the post augmentations as extra in-
put (TAEConcat, TAEWS) outperform the baseline TAEw/o All,
but they are all inferior to our TAE which is a contrastive
model. This demonstrates the effectiveness of data augmen-
tation and the contrastive learning paradigm. Moreover, the
models taking analysis texts as extra input requires the LLM
to generate analysis texts during inference stage, which is
costly. We also visualize the weights learned by TAEWS in
Figure 3. It shows that linguistic analysis is more important,
which is consistent with our prevous observation.

LLM Performance
To analyze LLM’s performance in the personality detection
task, we conducted a series of experiments using ChatGPT.
We assessed LLM’s capabilities under three settings: zero-
shot, CoT, and few-shot, using the Kaggle testing set. For the
few-shot setting, we randomly selected 3 examples from the
training set. Specifically, we employed the ’gpt-3.5-turbo-
0301’ version but switched to ’gpt-3.5-turbo-16k-0613’ for
the few-shot setting, as the input length exceeded the limit.
As shown in Table 4, the performance of ChatGPT is com-
parable to that of a small model that has been fine-tuned
(BERTmean) for a specific task on Macro-F1 metrics. Under
the CoT setting and few-shot setting, the classification per-
formance slightly decreased. This indicates that the LLM’s
reasoning ability fails in personality detection. Directly ap-
plying LLM to the personality detection is not appropriate.
Thus, in this paper, we consider leveraging the LLM to en-
hance the small model for personality detection by distilling
useful knowledge from LLM to the small model.

Effect of Trade-Off Parameter
For trade-off parameter λ in TAE, we searched in
{0.5, 1, 1.5, 2, 2.5, 3, 3.5, 4}. Figure 4 demonstrates how the
model performance changes with the λ on the validation sets
of Kaggle and Pandora datasets. We can observe that the
Macro-F1 value first grows and reaches the highest value at
λ=1 while it begins to drop when λ is larger than 1. This
may be because that initially with the value of λ increases,
TAE can benefit more from the contrastive learning with the
LLM genrated post aumgmentations, which helps to learn
better post representations. However, if λ is set too large
(> 1), the contrastive signal out weight the detection loss.
Overall, λ=1 can reach best balance between detection loss

Figure 3: Visualization of learned weight of post and analy-
ses in TAEWS.

Figure 4: Performance curves for different trade-off param-
eter.

and contrastive loss on both Kaggle and Pandora datasets.

Conclusion
In this paper, we propose a large language model (LLM)
based text augmentation enhanced personality detection
model, which distills the useful knowledge from the LLM to
address the data scarcity issue faced by small models in per-
sonality detection, even when the LLM itself struggles with
the task. By leveraging the LLM’s abilities in text compre-
hension, summarization, and sentiment analysis, we instruct
it to generate post analyses from three specially-designed
perspectives: semantic, sentiment, and linguistic, which play
a critical role for personality detection. Taking these anal-
yses as positive samples and using contrastive learning to
pull them together in the embedding space enables the post
encoder in the small model to better capture the psycho-
linguistic information within the post representations, thus
improving personality detection. Furthermore, we utilize the
LLM to generate label descriptions, enriching the semantics
of personality labels and utilize label information to generate
soft labels to overcome the over-confidence issue, enhancing
models generalization ability. Experimental results on two
benchmark datasets demonstrate that our model outperforms
the state-of-the-art methods on personality detection.

In future work, we will explore how to combine the ad-
vantages of the existing knowledge graphs and the LLM in
improving personality detection.
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