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Abstract—Social media platforms are a primary source for
public sentiment analysis. However, a significant portion of online
expression is implicitly conveyed through metaphors or context,
posing a challenge for traditional models. Existing approaches
relying on surface-level semantics often fail to capture these
cues due to a lack of background knowledge. To address
this, we propose a Social Media Emotion Detection Model
based on Implicit Emotion Multi-Hop Memory and Knowledge
Embedding. Our model incorporates a Knowledge-Embedded
Attention Mechanism to retrieve external commonsense knowl-
edge, bridging the gap between literal text and implicit intent.
Furthermore, we design an Implicit Emotion Multi-Hop Memory
Network to capture long-range contextual dependencies and learn
the prior distribution of emotional states. Experiments on the
fine-grained GoEmotions dataset demonstrate that our method
achieves state-of-the-art performance, yielding a Precision of
54.66%, Recall of 53.80%, and Macro-F1 score of 52.34%. These
results significantly outperform strong baselines such as BERT
(Macro-F1: 46%) and BiDLSTM (Macro-F1: 50.4%) in detecting
implicit and complex emotions. This superior performance is
attributed to bridging semantic gaps via knowledge embeddings
and capturing long-range dependencies through the multi-hop
memory network.

Index Terms—Social Media; emotion Detection; Implicit Emo-
tion; Knowledge Embedding; Multi-Hop Memory

I. INTRODUCTION

Emotion is an interdisciplinary field involving psychology
and computer science. In psychology, emotions are expressed
as mental states different from levels of meditative, emotion,
behavioral reactions, and joy or unhappiness [1]. In computer
science, emotions are identified via audio, video, or text.
Textual emotion analysis is challenging because emotions are
often derived implicitly from conceptual interactions rather
than explicit emotion words. Emotional expression is an
important way of communication in interpersonal relationships
[2]. It can be expressed as positive, negative, or neutral emo-
tions [3]. These encompass various states like happiness and
sadness. In this way, emotions are expressed in various forms
for communication, and rich sources of textual information
are obtained from YouTube, social networking sites such as
Twitter, Facebook, where people spend most of their time
posting and expressing their emotions [4]. Analyzing these
social media platforms is crucial for investigating social trends,
tracking customer feedback, and shaping business strategies.

With the continuous development of deep learning meth-
ods, a novel deep architecture based on neural attention

has been proposed, called Transformer [5]. Transformers are
good at handling long-term dependencies in text. Since the
introduction of the initial Transformer model, several ad-
vanced architectures have been proposed: BERT [6],XLNet
[7], ROBERTa [8],ALBERT [9]. However, these models often
struggle to discern subtle differences between fine-grained
emotion categories. Moreover, they exhibit deficiencies in
capturing probabilistic distribution patterns and contextually
relevant information tied to specific emotions. To address these
issues, our main contributions are:

1) We constructed the PeM-Bert pre-training model, inte-
grating dictionary-based emotional information via emo-
tion masking language modeling. It utilizes P-tuning
to continuously optimize emotion templates, enhancing
generalization for downstream tasks.

2) We introduced a knowledge-embedded attention mech-
anism to address the insufficient recognition of fine-
grained emotion differences, integrating external emo-
tional knowledge into PeM-Bert’s representations.

3) We proposed an Implicit Emotion Multi-hop Memory
Model, containing an Implicit Emotion Module to learn
prior emotion distributions, and a Multi-hop Memory
Module to capture specific contextual emotion features.
Their collaborative learning resolves the lack of prior
knowledge regarding sentence emotion distributions.

4) Extensive comparative and ablation experiments demon-
strate our model’s effectiveness and superior perfor-
mance in emotion detection tasks.

II. RELATED WORK

In the past, most work in text emotion detection primarily
focused on identifying the six basic emotions proposed by
Paul Ekman [10] (sadness, happiness, disgust, anger, surprise,
and fear) and the eight primary emotions proposed by Robert
Plutchik [11] (joy vs. sadness, surprise vs. anticipation, anger
vs. fear, and trust vs. disgust). However, real-life human
emotional expression is far more complex and diverse, en-
compassing states like shame, guilt, and pride.

It is well-known that external knowledge sources can pro-
vide explicit knowledge for the task at hand, complementing
the representations implicitly learned by deep learning models
[12]. Two main approaches integrate knowledge into pre-
trained models. First, these language models can be retrained



from scratch by modifying the raw input [13], through multi-
task learning [14], or by augmenting word embeddings [15]–
[17]. While effective, they require expensive retraining when
adding new knowledge sources. The second approach enriches
representations through early or late fusion. Early fusion inte-
grates knowledge at the input stage. These knowledge sources
are often linguistic in nature, such as auxiliary sentences [18],
etc.

Researchers have analyzed emotion detection from different
perspectives in recent years: Dibyendu et al. [19] started from
the semantic aspect and proposed a sentence-level emotion
detection technology by applying semantic rules, which also
included negative words, and built an emotion detection model
accordingly. Xiao Zhang et al. [20] solved the problem of
various emotion detection in social media from the user level.
They adopted a factor graph-based emotion recognition model,
incorporated emotion label relevance, social relevance and
temporal relevance into a general framework, and detected
various emotions based on multi-label learning methods.

Table I lists public datasets for emotion detection. Among
the commonly used public datasets, we use the GoEmotions
[21] dataset, which is the largest artificially annotated corpus.
Crowdsourced from 58k Reddit comments, it features 27 fine-
grained emotion labels plus neutrality. Table II provides an
illustrative example.

TABLE I
EMOTION DETECTION RESEARCH DATASET DESCRIPTION

Name Description Labels
ISEAR Obtained from

cross-cultural
studies across 37
countries

Joy, Fear, Anger,
Guilt, Sadness,
Shame, Disgust

SemEval Based on Google
News, headlines,
major newspapers,
Twitter, and
dialogues

Joy, Sadness, Fear,
Anger, Surprise,
Disgust

Emotion-Stimulus Contains 1,594
sentences with
emotion labels,
annotated from
Frame Nets

Joy, Sadness, Fear,
Anger, Surprise,
Disgust

WASSA Constructed from
tweets

Joy, Sadness, Fear,
and Anger

Emobank News headlines,
blogs, newspapers,
essays, fiction, and
letters

Joy, Fear, Sadness,
Anger, Surprise,
Disgust

GoEmotions 58k curated
comments extracted
from Reddit

Amusement,
Disgust, Remorse,
Sadness, Anger,
etc.

III. METHODOLOGY

We propose a unified framework for fine-grained emotion
detection that integrates a Knowledge-Embedded Attention

TABLE II
ILLUSTRATIVE EXAMPLES OF THE GOEMOTIONS DATASET

Text Labels
”OMG, yep!!! That is the final answer. Thank you
so much!”

gratitude, approval

”I’m not even sure what it is, why do people hate
it”

confusion

”Guilty of doing this tbph” remorse
”This caught me off guard for real. I’m actually
off my bed laughing”

surprise, amusement

”I tried to send this to a friend but [NAME]
knocked it away.”

disappointment

”Almost everyone has MASSIVE problems with
some of the decisions Nintendo makes.”

neutral

”Does nobody notice that this is a doctored
photo..??”

disapproval

mechanism with an Implicit Emotion Multi-hop Memory
network. The overall architecture is illustrated in Fig. 1.

A. Construction of the PeMBKEA model

To improve generalization, we construct the PeM-Bert pre-
trained model, utilizing emotion masking language modeling
(eMLM) to integrate dictionary-based emotional information.
It uses P-tuning to optimize emotion templates for downstream
tasks. To differentiate fine-grained emotion categories, we
designed a knowledge-embedded attention mechanism. This
mechanism transforms input text into emotion encodings us-
ing external dictionary knowledge and combines them with
PeM-Bert’s contextual representations to form an emotion-
integrated representation.The model structure is shown in
Fig. 2.

We adopt BERT as the pre-trained language model. An
input token sequence X1:n = {x0, x1, · · ·, xn} passes
through the pre-trained layer e ∈ M , yielding embed-
dings {e(x0), e(x1), ..., e(xn)}. Let unmasked context X and
masked target y be organized by prompt function P to predict
y, forming template T. Unlike traditional Prompts, P-tuning
replaces discrete tokens with pseudo-[P], utilizing continuous
vectors to construct T, as in formula (1):

{h0, . . . , hi, e(x), hi+1, . . . , hm, e(y)} (1)

Here, hi i(0 ≤ i < m) is a trainable vector. Through the
downstream loss function, continuous prompt hi (0 ≤ i < m)
is progressively optimized, as shown in Equation (2):

ĥ0:m = argh min(M(x, y)) (2)

To avoid the complexities of an additional LSTM for token
embeddings, we construct training masks based on the eMLM
proportion, generating no new masks for validation/test sets.
During training, only the embedding layer’s gradients are
updated. We employ a mask matrix (setting only template
positions to 1) and a register-hook to exclusively retain and
update the template gradients.

For masking, we employ our proposed Emotion Masked
Language Modeling (eMLM), a variant of MLM. Unlike
BERT’s uniform 15% masking probability, eMLM assigns



Fig. 1. The model structure of PeMBKEA-LEMJM

Fig. 2. Emotional mask Language modeling

a higher probability to emotion-rich words selected from
a dictionary. We use the EmoLex [22] dictionary, which
enables eMLM to focus on emotion-rich vocabulary during
the masking task and correspondingly increases their masking
probability. To maintain a stable total probability sum, the
masking probability for words expressing weaker emotions is
reduced, as shown in Fig. 3.

Denoting this probability as hyperparameter k, the masking
process is: given an input sentence, extract dictionary words
denoted by E, and set their masking probability to P (we) =
k∇we ∈ E. To ensure a total of 15% of words are blocked,
formula (3) is used to reduce the masking probability of non-
emotion-rich words:

P (wn) =
max(|S| · 0.15− |E| · k, 0)

|S| − |E|
, ∀wn /∈ E (3)

Where |.| represents the size of the set.Thus, the PeM-

Fig. 3. The model structure of PeMBKEA

Bert pre-training model, combining P-tuning with eMLM, is
successfully constructed.

Pre-trained context representations enhance language un-
derstanding by encoding meaningful content and surrounding
contexts. Thus, we denote the hidden states of the last layer
from the PeM-Bert model as matrix Tc = (t0, t1, ..., tn), where
Tc ∈ RN×l. Here, lc is the output representation size, and the
[CLS] token t0 serves as the contextual representation of the
entire input.

In the knowledge-embedded attention mechanism, the input
X is transformed into a feature vector Xe (padded to a
fixed length of 512, the base model’s default). This vector is
projected via a dense layer to form the sentence-level emotion
encoding He, where Hϵ ∈ Rle×lc . Based on self-attention,



He is concatenated with the context representation Tc to form
K, where K ∈ R(N×le)×lc . Using t0 as a Query, we obtain
softmax-attention scores s to weight the matrix K. Including
He in K with Tc retains both contextual information and the
integrated emotional knowledge. The overall attention layer is
defined by Equations (4), (5), and (6):

K = concat(Tc, He) (4)

s = softmax(tT0 ·K) (5)

tl = ST ·K (6)

Finally, the enhanced context representation tl serves as the
input for the implicit emotion module.

B. Construction of the LEMJM model

1) Implicit Emotion Module :
Given that it is not possible to precisely determine the distri-

bution of emotions, we construct it as a set of implicit variables
and use the Variational Autoencoder [23] (VAE) method to
learn the latent multimodal distribution representation during
the reconstruction process of the input features. The schematic
diagram of the Implicit Emotion Module is shown in Fig. 4.

Fig. 4. The model structure of Implicit emotion

Its input X is directly derived from the enhanced context
representation generated by the PeMBKEA model’s attention
mechanism.The encoder he(·), consisting of multiple non-
linear hidden layers, transforms the input X ∈ RL (where
L represents the maximum sequence length) into prior param-
eters u and σ, as shown in equations (7) and (8):

u = he,u(X) (7)

log σ = he,σ(X) (8)

Subsequently, we define an implicit emotion variable Z ′ =
u + σ · ϵ, where ϵ is a Gaussian noise variable sampled
fromN (0, 1), and Z ′ ∈ RK (K represents the number of
emotion labels). It is normalized into the implicit emotion

distribution Z through the softmax function, as shown in
equation (9):

Z = softmax(Z ′) (9)

Accordingly, the implicit emotion distribution p(ϵk, |k =
1, · · ·,K) is reflected in Z. In the decoder part, variational
inference approximates the posterior distribution of Z. First,
Z is converted into emotion feature embeddings using a
linear hidden layer, with the transformation formula shown
in equation (10):

Rled = hled(Z;Wled) (10)

Where Wled ∈ RK·led (with corresponding embedding
dimension Etot) is the learned embedding of the implicit
emotion distribution, designed to guide the memory module in
feature extraction. To learn a high-level representation of rich
emotional features during reconstruction, another non-linear
hidden layer heh(·) further decodes Rled, as shown in equation
(11):

Reh = heh(R
led;Weh) (11)

Where Weh ∈ RL·Eeh (Eeh representing the embedding
dimension) is the global embedding of emotion features, acting
as external memory to assist the multi-hop memory module.
Finally, the decoding formula is shown in equation (12):

X̂ = softmax(hrec(R
eh)) (12)

Where hrec(·) is the final hidden layer, and X̂ is the
reconstructed input feature.

2) Multi-hop Memory Module :
In a single sentence, emotion-related evidence is often dis-

persed and intermingled, complicating effective feature extrac-
tion. Therefore, we employs a multi-hop memory network [24]
to design a multi-hop memory module specifically for emotion
detection tasks to unearth the rich contextual information of
the relevant emotions. The overall structure of the model is
shown in Fig. 5.

Fig. 5. The model structure of Multiple hop memory

In this module, masking is applied to Wled to select the k-th
emotion embedding, as shown in equation (13):

Mask = [⃗1; · · · ; 0⃗]︸ ︷︷ ︸
K

(13)



Where Mask contains K vectors; only the k-th vector
is entirely ones, encouraging the module to focus on its
corresponding emotion. Subsequently, Wled,k is transformed
into Rle

k via a dense layer. Given an input text representation
S = {e1, · · ·, eL} (where ei ∈ REe ), an attention mechanism
calculates the relevance between the text embedding and the
implicit emotion representation Rle

L , as shown in equation (14):

ainput = softmax(Winput[R
le
k ;S]) (14)

where Winput is the parameter matrix, and [;] denotes vector
concatenation. Based on weights ainput and text representation
S, the emotion-related input context representation Rinput is
obtained:

Rinput =
∑

ainput · S (15)

The memory representation M is derived from the global
emotion feature embedding Wch via a linear transformation:

M = fβ(Weh) (16)

Attention is again used to compute the match between
Rinput and M, yielding the current hop’s output context
representation, as shown in equations (17) and (18):

aoutput = softmax
(
o(Woutput[R

input;M])
)

(17)

Routput =
∑

aoutput ·Rinput (18)

The output Routput is then combined with S to form the
emotion feature representation Rm

k , as shown in equation (19):

Rm
k = Routput + S (19)

Thus, the current hop’s output carries features related to the
corresponding emotion. The model contains K private mem-
ory modules for K emotion categories, sharing the implicit
emotion module, embeddings Wled, and Wch. The multi-hop
memory module uses multi-hop attention to iteratively explore
features based on previous states. The final representation Rm

p

is obtained after multiple hops, as shown in equation (20):

Rm
p,k = Memp,k(R

m
p−1,k) (20)

Finally, Rm
p,k is concatenated with the implicit emotion

distribution embedding Wled.k to form the ultimate feature
representation Rtotal,k for emotion detection, as shown in
equation (21):

Rtotal,k =
[
Rm

p,k;Wled,k
]

(21)

IV. EXPERIMENT

A. Dataset and Evaluation Metrics

We utilize the GoEmotions [21] dataset, which is currently
the largest manually annotated corpus. It features 27 fine-
grained emotion labels plus neutrality. In this dataset, 83%
of examples have one label, 15% have two, 2% have three,
and 0.2% have four or more. We employ Precision, Recall,
and Macro-F1 score as primary evaluation indicators.

B. Lexicon Features

The external knowledge source we use is the NRC-VAD
[24] dictionary data, which contains quantified assessments of
the pleasure, arousal, and dominance of 20,000 words. Ratings
range from 0 to 1 (negative to positive valence, calm to excited
arousal, and submissive to dominant dominance). To convert
input text X into these vectors, words are replaced by their
corresponding rating values. Words not found in the dictionary
are assigned a neutral score of 0.5.

C. Experimental Results and Analysis

To evaluate the performance of the PeMBKEA-LEMJM
model proposed in this paper, we not only compared and
analyzed it with models such as BERT [6], BiLSTM [25],
XLNet [7]. ALBERT [9], and ELECTRA [26], but also
selected several comparable advanced research methods for
comparative analysis. The experimental results are shown in
Table III. Relevant methods include:

Seq2Emo [27]: This study proposes a sequence-to-emotion
(Seq2Emo) method, which is similar to the classifier chain
approach. It implicitly models emotion associations within
a bidirectional decoder, utilizing an attention mechanism to
focus on input words relevant to the current emotion.

BiDLSTM [28]: This research introduces an innovative
method aimed at implementing fine-grained emotion classifi-
cation on tweets using a bidirectional expanded long short-
term memory (BiDLSTM) model with integrated attention.
Incorporating bidirectional, expansion, and attention mecha-
nisms into the traditional LSTM enhances its ability to handle
complex data dependencies.

TABLE III
EXPERIMENTAL RESULTS COMPARISON

Model Precision Recall Macro-F1
BERT 40.00 63.00 46.00
BiLSTM 56.50 39.30 43.90
XLNet 47.09 51.92 48.50
ALBERT 48.60 52.90 49.60
ELECTRA 47.40 50.40 47.50
BiDLSTM 49.50 53.50 50.40
Seq2Emo 48.86 53.11 50.17
PeMBKEA-LEMJM 54.66 53.80 52.34

Our model significantly improves Precision, Recall, and
Macro-F1. Combining P-tuning and eMLM during pre-training
compensates for limited generalization in social media con-
texts. Furthermore, the knowledge-embedded attention mech-
anism leverages external emotion data to address fine-grained



differences, while LEMJM captures prior distributions and
related context, comprehensively boosting detection perfor-
mance.

D. Ablation Experimental

To demonstrate our model’s effectiveness, we designed four
ablation experiments on the GoEmotions dataset, comparing
BERT, PeM-Bert, KEA-Bert, PeMBKEA, and PeMBKEA-
LEMJM. The experimental results are shown in Table IV.
PeM-Bert significantly outperforms BERT in Precision and
Macro-F1 Score, proving that combining P-tuning and eMLM
addresses pre-trained models’ insufficient generalization. Sim-
ilarly, KEA-Bert’s outperformance confirms that enriching
context with external emotion knowledge helps differentiate
fine-grained emotions. PeMBKEA improves upon both PeM-
Bert and KEA-Bert, indicating their combination successfully
addresses both generalization and fine-grained differences si-
multaneously. Finally, applying the LEMJM method yields
the best overall performance (PeMBKEA-LEMJM). This in-
dicates that LEMJM captures subtle emotion-related contexts
and long-distance dependencies, further enhancing emotion
detection capabilities beyond general models.

TABLE IV
ABLATION STUDY RESULTS ON GOEMOTIONS DATASET

Model Precision Recall Macro-F1
BERT [6] 40.00 63.00 46.00
PeM-Bert 56.98 48.98 50.12
KEA-Bert 51.40 52.50 51.00
PeMBKEA 53.42 54.37 51.96
PeMBKEA-LEMJM 54.66 53.80 52.34

V. CONCLUSION

We proposed PeMBKEA, integrating PeM-Bert (combining
P-tuning and eMLM to optimize templates and resolve gener-
alization limits) and a knowledge-embedded attention mech-
anism utilizing external knowledge for fine-grained emotion
distinction. Building on this, we proposed LEMJM. Its Implicit
Emotion Module learns prior distributions, while the Multi-
hop Memory Module extracts contextual features, collabora-
tively mitigating prior knowledge deficits. Future work will
encode multimodal information (emojis, images) to handle
diverse comments, address interpersonal expression variability,
and integrate knowledge graphs to explore relational impacts
on emotion recognition.
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