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Abstract:

In recent years, the application of natural language
processing (NLP) technology in the field of mental health
has continued to deepen. Among them, fine-grained
emotion classification is a core means to capture complex
psychological states in texts. The subtle emotional
changes hidden in texts are also important signals for early
psychological risk identification. The uncertainty modeling
of emotion classification has attracted attention. Early work
mostly focused on the probabilistic improvement of a single
module, making it difficult to capture multi-level semantic
uncertainties. Meanwhile, knowledge enhancement
strategies have been widely applied in few-shot learning.
For instance, the initialization method based on sentiment
dictionaries has improved the performance of models in
low-resource scenarios. However, most existing studies
introduce knowledge as static features, which limits the
guiding role of prior information in quantifying uncertainty.
To address the above issues, this study builds a hierarchical
Bayesian attention model. By adopting probabilistic
modeling in the three key links of word embedding,
attention mechanism, and classification decision-making,
the uncertainty quantification of the entire process from
text encoding to sentiment prediction can be achieved. A
domain knowledge-driven prior distribution is constructed
based on the sentiment dictionary to enhance the efficiency
in small sample scenarios, too. This method can accurately
identify the fine-grained emotional tendencies of the text,
providing a technical path for the demand of mental health
monitoring and facilitating clinical risk assessment.

Keywords: Hierarchical attention; Bayesian attention
mechanism; fine-grained sentiment; prior knowledge.

1. Introduction

Fine-grained sentiment classification in practical ap-

plications such as e-commerce review analysis and
mental health monitoring imposes strict requirements
on the credibility of model decisions and data effi-
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ciency [1]. For instance, in the analysis of mental health
counseling records, user texts often contain contradictory
emotions of different dimensions and degrees. Traditional
models output a single label but fail to quantify the uncer-
tainty of coexisting contradictory emotions, which may
lead to misjudgments in clinical auxiliary judgments [2].
In the field of fine-grained sentiment annotation in health-
care, the cost of professional annotation is 5 to 10 times
that of ordinary sentiment classification, and the scarcity
of data causes the performance of models relying on large
amounts of annotations to drop sharply. The pivotal chal-
lenge of fine-grained sentiment classification lies in the
fact that it requires the computational model to capture
the complexity and multi-dimensionality of human emo-
tions, just as Plutchik pointed out in foundational theory
of emotional psychology, human emotions are not simply
a binary opposition of positive and negative; rather, they
are a complex system composed of basic emotions with
varying intensities and degrees of mixture [3].

These scenarios expose a key flaw of existing methods:
the limitation of deterministic predictions. Mainstream
models such as BERT output a single category through
point estimation.

This formula forces the text to be mapped to a unique cat-
egory, failing to reflect the probability distribution in con-
tradictory semantics. Experimental data show that BERT’s
expected calibration error (ECE) on samples containing
contradictory emotions is as high as 0.15, indicating a sig-
nificant deviation between its predicted probabilities and
actual accuracy, and insufficient credibility.

To address the challenges of deterministic models’ inabili-
ty to quantify uncertainty and low efficiency in small sam-
ple learning, this study aims to establish a probabilistic,
data-efficient fine-grained sentiment analysis framework.
Based on the review of existing literature, key points have
been noted, namely the hierarchical attention mechanism
and Bayesian deep learning. However, the existing work
failed to deeply integrate the two. The hierarchical atten-
tion model is deterministic, while the Bayesian methods
are mostly applied to simple networks or only the final
classification layer, making it hard to capture the internal
uncertainty of the model completely [4, 5]. Therefore, the
starting point of this research is to deeply embed Bayesian
inference into every computational level of the hierarchi-
cal attention model. Inspired by these two directions, it is
expanded to construct a hierarchical Bayesian attention
network (HBAN), aiming to achieve end-to-end uncer-
tainty quantification of word embedding, attention alloca-

tion, and classification decision. The integration lies in the
fact that the uncertainty at the lower level will propagate
upwards and affect the uncertainty calculation at the high-
er level, forming a complete probabilistic reasoning graph
model, rather than independent modules. This principle of
hierarchical uncertainty propagation aligns with the theo-
retical framework established by Gal in his foundational
work on uncertainty quantification in deep learning [6].

2. Data and Method

2.1 Core Stratification

Compared with the deterministic mechanism of BERT,
which outputs a single category through point esti-
mation and its decision process can be expressed as

y= argmax(Softmax(W - Encoder(x))) , HBAN im-

proves the granularity of sentiment classification through
three-layer probabilistic modeling and enhanced knowl-
edge prior. Its core lies in three layers, as shown in Figure
1.

The first one is word embedding layer, as knowledge-en-
hanced prior constraining the distribution of word vectors
with a sentiment dictionary, addressing the problem of
traditional prior lacking information. This methodology
of integrating structured knowledge into Bayesian deep
learning models aligns with the core idea of Wang et al.
in their Knowledge Graph Attention Network (KGAT)
[7], where high-order knowledge graph information is in-
corporated as relational priors to guide the representation
learning of users and items. In its expression.

ew ~ N(luw’o-lzv) (1)
the u, is based on the intensity of emotions (extremely
positive words g, = +2.0, extremely negative words p, =

-2.0), and instead of using the standard normal prior x,,= 0.

Unlike McCallum & Nigam used uniform priors or max-
imum likelihood estimation, they built informative priors
upon prior knowledge (an emotion dictionary) [8]. The
advantage of this design is that it can embed psychologi-
cal knowledge into the model when it has small samples
and it can greatly enhance the generalization performance
when data is limited.

The second layer is Bayesian attention layer: the key is
probabilistic weight reconstruction. Attention score is
Gaussian variable, breaking through the deterministic cal-
culation of BERT. This level of expression is.
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Here, the modeling of uncertainty in A enables the weight
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a; =exp(s;)/ Zexp(s ) to reflect the probability distri-

bution of semant1c associations rather than being a fixed
value.
The last one is a classification calibration layer that cred-
ibly outputs optimization. Introduce ECE loss to correct
prediction bias and solve the calibration error problem of
BERT.
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Here, B, represents the probability binning for prediction,

and through dynamic calibration, p(y|x) is made to strictly
match the actual accuracy rate.

The overall architecture proposed in this paper is in-
spired by the Hierarchical Attention Network (HAN)
proposed by Yang et al. [9]. The innovation of HAN lies
in its two-level structure of word-level attention and sen-
tence-level attention, which enables the model to auto-
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matically focus on the key words and key sentences in the
document, providing a powerful and interpretable baseline
model for the document classification task. However, the
core difference from this study is that the attention mecha-
nism of HAN is deterministic, and the generated attention
weights are point estimates, which cannot quantify the un-
certainty of the model when focusing on different words.
The HBAN model introduces Bayesian inference on this
basis, modeling both the word-level and sentence-level
attention weights as probability distributions.

Through the above three layers of probability modeling,
combined with the Bayesian attention mechanism for the
probabilistic depiction of the strength of word associa-
tions (mean and variance), HBAN cannot distinguish the
single-label mapping of multi-sentiment intensity text as
traditional models do. It not only achieves uncertainty
quantification but also improves the granularity of classifi-
cation through the precise modeling of emotional intensity
and mixing ratio, enabling more accurate analysis of the
fine-grained emotional structure in the text, and relatively
quantifying the proportion and interaction of negative and
positive emotions.

uncertainty
calibration

A

HBAN

hierarchical
attention

bayesian
neural
networks

Fig. 1 The stratification of HBAN. (Picture credit: Original)

2.2 Data set and Scenario Adaptation

To align with the fine-grained sentiment analysis scenarios
such as mental health monitoring, the experiment selected
two types of psychological domain text data, the first one
is -Chinese-Psychological-QA-DataSet which contains
12,000 Chinese psychological counseling conversation
records, with detailed labels divided into 8 types of emo-
tions, some of them are anxiety(such as “always worrying
about the future”), positive adjustment (such as “being
accompanied by friends makes me feel much better”),
and there are often contradictory semantics in the text
like discourse “sometimes I want to cheer up, but I just
can’t muster the energy”’; The other one is -Psychological
counseling question-answer data set, it includes 9,414 real
counseling dialogues, covering scenarios such as stress

management and emotion regulation, with intensity dif-
ference labels including “mild anxiety” and “moderate
depression”, suitable for verifying the model’s ability to
capture fine-grained emotions. To effectively model these
nuanced and often contradictory emotional states, the an-
notation framework adopts a multi-dimensional perspec-
tive, an approach theoretically grounded in the founda-
tional work of Buechel & Hahn on the EmoBank corpus
[10].

In the pretreatment stage, personal privacy information is
removed first. The Chinese text is processed through word
segmentation. The training set, validation set, and test set
are divided in a ratio of 8:1:1, and a small sample scenario
similar to real conditions is simulated, selecting 10%/20%
of the training data.
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3. Experiment

3.1 Experimental Steps

The HBAN was implemented based on the virtual envi-
ronment, relying on pandas for data processing, trans-
formers for loading Chinese pre-trained word vectors, and
calculating indicators such as ECE.

Considering the characteristics of mental health texts, a
multi-stage cleaning scheme was designed. Firstly, pri-
vacy information desensitization should be done, which
is finished in batches by using the multi-file replacement
function of PyCharm, then has a Chinese word segmenta-
tion and special expression processing stage; the last stage
is data set division and small sample simulation.

The next step is the implementation of the HBAN model
construction, with the core innovation lying in the du-
al-channel hierarchical structure, which can simultaneous-

ly model the local semantic units of the text and the global
dialogue context. And dynamic weight allocation, that is,
through the cross-layer attention mechanism, to automati-
cally focus on key sentiment indicators.

3.2 Key Results

The results confirm that the method is advantageous due
to its fine-grained classification accuracy, alongside quan-
tification of uncertainty and fabulous performance with a
small sample size. In terms of fine-grained classification
accuracy, based on the Chinese-Psychological-QA data
set, as shown in Table 1, HBAN achieved a Macro-F1
score of 71.2% on 8 sentiment labels, which was 5.4%
higher than that of BERT (65.8%). Particularly, in the dis-
tinction between “mild anxiety” and “moderate anxiety”,
the F1 score increased by 8.7%, verifying its ability to
capture the intensity of emotions.

Table 1. Comparison of Micro-F1 scores for different levels of anxiety intensity.

F1 score comparison (anxiety intensity classification) HBAN BERT
mild anxiety 74.3 65.6
Moderate anxiety 72.1 63.4

As for the quantification of uncertainty, for contradictory
samples, the expected calibration error of HBAN is 0.084
(while that of BERT is 0.182), and the predicted proba-
bility distribution is more in line with the true emotional
structure of the text rather than a single, fixed and definite
emotion.

There are also small sample performance results. As
shown in Table 2, when using only 10% of the training

data, the accuracy of HBAN remained at 62.3%, while
the traditional model BERT dropped to 51.5%, with a de-
cay rate of 10.8%, significantly lower than the baseline,
and when the model lacks prior knowledge or when the
knowledge is static, the accuracy will also decline to vary-
ing degrees, proving the effectiveness of knowledge priors
in scenarios with scarce psychological data.

Table 2. The performance of different model variants under the condition of small sample size.

model variant

Macro-F1 when 10% of the data

HBAN 62.3

absence of prior knowledge 56.1 (-6.2)
static knowledge 58.4 (-3.9)
BERT 51.5(-10.8)

4. Conclusion

The hierarchical Bayesian attention model proposed in
this paper addresses the core challenges of fine-grained
sentiment classification in fields such as mental health,
achieving breakthroughs in both uncertainty quantification
and small-sample adaptability. Experiments on the psy-
chological counseling dialogue dataset show that HBAN,
through the integration of uncertainty parameters for
fusion in the full-level probabilistic modeling of word em-
beddings, attention mechanisms, and classification layers,

effectively captures the complex emotions coexisting in
the text. Its expected calibration error ECE is 0.06, which
is 66.7% lower than that of BERT, and the decision credi-
bility has significantly improved.

Furthermore, the asymmetric prior design based on the
sentiment dictionary enables the model to maintain an ac-
curacy rate of 62.3% even with 10% scarce psychological
data, reducing the decay rate compared to the baseline
model by nearly 40%. This solves the practical pain point
of scarce professional annotation data.



The hierarchical Bayesian attention network established in
this study not only provides a novel technical pathway for
fine-grained sentiment analysis but also offers a generaliz-
able methodological foundation. By embodying the core
tenets of modern Bayesian modeling—the principled up-
ward propagation of uncertainty and the seamless integra-
tion of structured prior knowledge. This approach moves
beyond task-specific solutions, establishing a paradigm
where domain expertise (e.g., psychological lexicons) for-
mally guides neural networks towards more interpretable
and trustworthy predictions in data-scarce environments.
Looking forward, the HBAN architecture presents a
flexible foundation for future expansion. The inherent
probabilistic framework naturally accommodates the inte-
gration of multi-modal psychological data, such as vocal
features and physiological signals, which can be treated
as additional observed variables within the same Bayesian
graph model. Furthermore, the prior knowledge injection
mechanism, currently static, can be optimized into a dy-
namic update system that continuously refines its priors
based on newly acquired clinical data, thereby adhering
to the evolving demands of medical ethics for trustworthy
Al Ultimately, this line of research aims to solidify the
HBAN not merely as a model, but as a trustworthy Al sys-
tem capable of providing robust decision support for high-
stakes clinical auxiliary diagnosis.
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