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Medical Term and Status Generation From
Chinese Clinical Dialogue With
Multi-Granularity Transformer
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Abstract—This paper describes a generative model for extracting
medical terms and their status from Chinese medical dialogues.
Notably, the extracted semantic information is particularly im-
portant to downstream tasks like automatic medical scribe and
automatic diagnosis systems. However, how to effectively leverage
dialogue context to generate medical terms and their corresponding
status accurately remains less explored. Existing generative ap-
proaches treat dialogue text as a single continuous text, ignoring
conversational characteristics like colloquialism, redundancy and
interactions. Between the doctor and the patient, a variety of col-
loquial medical information is frequently discussed. Each speaker
(doctor and patient) plays a specific role in the interaction’s goals.
As a result, the importance of role information and interactions
between utterances cannot be overstated. Furthermore, existing
generative approaches only use character-level tokens, disregard-
ing word-level tokens, which are the shortest meaningful utterances
in Chinese. In this paper, we propose a Multi-granularity Trans-
former (MGT) model to enhance the dialogue context understand-
ing from multi-granularity features. We incorporate word-level
information by adapting a Lattice-based encoder with our pro-
posed relative position encoding method. We further propose a Role
Access Controlled Attention (RaCa) mechanism for introducing
utterance-level interaction information. Experimental results on
two benchmark datasets illustrate our model’s validity and effec-
tiveness, achieving state-of-the-art performance on both datasets.

Index Terms—Medical dialogue, multi-granularity, attention
mechanism, natural language understanding, sequence to sequence
learning.
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I. INTRODUCTION

M EDICAL dialogue understanding (MDU), which intends
to automatically detect medical terms and their status

from doctor-patient dialogues, has recently received increased
attention [1]–[6]. It plays an important role in task-oriented dia-
logue for automated diagnostic systems [7]–[10] and automated
medical scribe for documenting clinical encounters [2], [11].
Notably, the conversation style data is challenging because the
complex speech patterns of conversation lead to various medical
information such as symptoms, drugs, and examinations, scat-
tered in multiple dialogue turns. Moreover, the vocabulary can
range from colloquial to medical jargon, which further increases
the task’s difficulty. Therefore, MDU typically includes entity
detection, entity normalization and status inference, which aims
to map colloquial entities or status expressions detected in
dialogue into standard concepts. Fig. 1 shows a simple example,
the expression “squeaking or snoring in the throat” is mapped
into the medical term “gurgling with sputum”. The status is used
to indicate that whether a symptom is a patient suffering from
or a physical examination has been done by the patient. In the
example, the status of “gurgling with sputum” is “Uncertain,”
which can be inferred from the dialogue context.

For such a purpose, much work [11]–[14] has been pro-
posed and has achieved promising results. These approaches can
be grouped into two categories: classification-based methods
and generative methods. In the classification-based methods
[11]–[14], one way is to treat the task as a multi-label clas-
sification task. Another way [12]–[14] is to decompose the
task into two stages, entity detection (the first stage), entity
normalization and statue inference (the second stage). However,
the classification-based methods have several limits: the two-
stage method faces error accumulation and requires token-level
annotation, the multi-label classification method treats each
label independently, ignoring the relationship among entities.
Differently, the generative methods [12] cast the task as a se-
quence generation problem, regarding standard medical terms
and status as a target vocabulary, and generating terms and their
status sequentially. It unifies entity recognition, normalization,
and state inference. At the same time, sequence generation can
take into account the associations among entities. In addition
to the normalized final label, it does not require additional
labeling information, such as token-level BIO (Begin-In-Out)
labels. As a consequence, this approach is scalable across various
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Fig. 1. A typical medical dialogue and the corresponding extracted medical
terms and corresponding status. The “D” in front of utterances means doctor
and “P” denotes patient.

medical specialties. Hence, the generative method is our pre-
ferred approach.

Although the current generative methods have many advan-
tages, they treat the dialogue text as a long text. Still, they have
some limitations: (1) Lack of word-level semantic. Most Chinese
models take characters as the basic unit and learn representation,
ignoring the semantics expressed in the word, which is the
smallest meaningful utterance in Chinese. Due to the lack of
explicit markers in fine-grained text to define the boundaries
of words, it is often more difficult to identify entities and use-
ful expressions. However, individual coarse-grained word-level
representation learning often faces Out Of Vocabulary (OOV)
and data-sparse problems [15]. (2) Lack of role information and
interaction. The task-centric nature of conversation allows for
effective communication of information by humans. The long
text format prevents the systems from capturing dependencies
over sentence boundaries and ignores the cross-turn interaction
between speakers. We need to construct the interaction informa-
tion between roles to make a better representation of the whole
dialogue. In doctor-patient conversations, each of the speakers
plays a specific role in the goals of the interaction. For example,
the doctor is more likely to discuss medications and enquires
about questions than the patient, as displayed in Fig. 1. Even the
status tags of some tasks are directly related to roles [11], such
as “doctor-positive,” “patient-positive,” and so on. Therefore,
information about the role is also essential.

In this paper, we propose a new architecture named the
Multi-Granularity Transformer (MGT) model to solve the above
issues. (1) To reduce the problems caused by single granularity,
we propose to use flat lattice-encoder [16] to combine word-level

sequence with the character-level sequence. Each token of the
two granularities is assigned a span of position indexes (head
and tail) to model the distance between tokens. And we pro-
pose a new Relative Position Encoding (RPE) method to better
model the distance between tokens. Through the comprehensive
consideration of two granularities sequences, we can explicitly
mitigate the deficiency caused by the single granularity. (2)
Drawing inspiration from previous findings [17], we introduce a
Role Access Controlled Attention (RaCa) mechanism. We add a
special token (<psep>or<dsep>) at the beginning of each turn,
which represents the roles of patient and doctor, respectively.
We specify the access right of these tokens that can only access
tokens in their current turn and role tokens in adjacent contexts.
Thence these role tokens can aggregate the representation of the
sequence and model the cross-turns interaction in a flat manner.

In a word, these modules contribute to obtaining better seman-
tic dialogue representation from multi-granularity (character,
word, and sentence). We compare our approach with existing
models [11]–[13]. We conduct extensive experiments to verify
the effectiveness of our proposed models on two published
medical dialogue corpora. Experimental results demonstrate
that our model can significantly outperform strong baselines.
In summary, the contributions of this work are two-fold:
� We propose a Multi-Granularity Transformer (MGT)

model to simultaneously capture the role-enhanced cross-
turns interaction and integrate mixed granularity represen-
tations with a new relative position-coding module, thus
fully model the dialogue text representation.

� We conduct extensive experiments and ablation studies on
two datasets to examine the effectiveness of our MGT
model. Experimental results show that our MGT model
outperforms baselines and achieves state-of-the-art perfor-
mance.

The rest of this paper is organized as follows. Section II
presents the related work of medical dialogue and lattice-
based methods. Section III introduces the background of the
transformer method. Section IV introduces our proposed MGT
method. The experimental setup is stated in Section V, and the
experimental results are shown in Section VI. Section VII shows
the conclusion.

II. RELATED WORK

Currently, there is not much research work in the medical dia-
logue field. Most of the previous work has focused on extracting
medical information and events from the patient-doctor conver-
sation [1], [5]. This could involve extracting clinical entities and
their properties [12], [13], [18], or medication regimen (dosage
and frequency for medications) [19]. The extracted information
can be used to generate a clinical note [2], [3], which contributes
significantly to the efficiency of physicians in creating narrative
reports [20]. It can also be used to construct automatic medical
diagnosis systems [8]–[10], but this kind of information needs
status inference, not just entity extraction. Among them, Finley
et al. [2] proposes a pipeline method earlier. However, the
details are scant. To alleviate the accumulation of errors caused
by the pipeline, Finley et al. [3] proposes generating from an
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Automatic Speech Recognition (ASR) transcript directly to a
clinical note, but this performed poorly. After that, classification-
based methods began to emerge. Du et al. [12], [13] and Lin et
al. [14] propose two-stage methods. In the first stage, the entity
is identified by a sequence tagging model. Based on this, two
multi-layer perceptron classifiers are used in the second stage to
perform entity normalization and entity status inference. How-
ever, these methods use the same framework and face several
problems, including error accumulation and redundant annota-
tion. On the other hand, Zhang et al. [11] uses a deep matching
architecture to compute all candidates and all dialogue turns,
considering the dialogue turn-interaction. Du et al. [12] also
proposes using end-to-end generative models with pre-training,
which achieves comparative results with classification-based
methods. Prior work on this task is a source of SOTA modeling
approaches that perform relatively well despite great challenges,
while leaving much room for improvement.

Given recent advances in generative and pre-train mod-
els [17], [21], we explore the end-to-end paradigm for generative
medical terms and status from patient-doctor conversations.
End-to-end dialogue systems [22]–[24] and individual modules
of dialogue system such as dialogue state tracking [25]–[28]
and language understanding [29] have both made extensive
use of generative techniques. Most previous work use single-
granularity information, or use large-scale self-supervised
pre-training models [23]–[25], [27], [29]. Using large-scale
pre-training models, necessitates costly fine-tuning in the con-
versation domain [30]–[33], where the style differs significantly
from the bulk of pre-training corpora. On the other hand, great
experiments [16], [34]–[36] have shown that introducing extra
lexicon can improve performance, in Chinese NER tasks. These
work investigate lattice-structured LSTM [34], [37] or lattice-
structure Transformer [16], [38]. In this paper, we extend the
Transformer to handle multi-granularity information inspired
by Li et al. and variants of Transformers [39]–[41]. It makes
traditional Transformers learn character, word, and sentence
information at the same time without changing the flat input. At
the same time, each granularity can achieve effective interaction.
This greatly improves the richness of features that the model can
learn.

III. BACKGROUND

We first introduce the transformer model [21], which is the
backbone model of our method. The transformer encoder and
decoder are composed of a stack of L transformer blocks. The
l-th block takes a sequence of hidden representations H l =
H l

1, . . . , H
l
n as the input and outputs an encoded sequence

H l+1 = H l+1
1 , . . . , H l+1

n . Each layer of the Transformer en-
coder has two sub-layers: a multi-head self-attention mechanism
and a position-wise fully connected feed-forward network. A
residual connection [42] around each sub-layer is utilized. In
addition, each layer is followed by a normalization layer [43].
Similar to the encoder, the decoder inserts a third sub-layer,
which performs multi-head attention over the outputs of the
encoder.

A. Positional Encoding

Since the transformer model relies on a self-attention mecha-
nism with no recurrence, the model is unaware of the sequential
order of inputs. The Transformer injects absolute position em-
bedding of the tokens into the sequence.

PE2i(pos) = sin
(
pos/100002i/dmodel

)
PE2i+1(pos) = cos

(
pos/100002i/dmodel

)
(1)

where pos is the position and i is the dimension and dmodel is
the size of embedding.

H1
i = Emb [wi] + PE[i] (2)

where wi denotes the i-th input token, Emb and PE denote
a learned token embedding matrix and a positional embedding
matrix, respectively. H1 is the input of the first layer.

B. Masked Multi-Head Self-Attention

The first sub-layer of multi-head self-attention is modeled
with multiple heads, computing independent self-attentional
representations with individual parameters. The input consists
of queries and keys of dimension dk and values of dimension
dv . We denote queries, keys, and values as Q, K, and V ,
respectively. The output is a weighted sum of values. Scaled
dot-product attention is employed to compute the attention
weights. We calculate the outputs as:

Attention (Q,K, V ) = softmax

(
A+M√

dk

)
V (3)

A = QKT (4)

where dk denotes the dimension of key vectors. M ∈ Rm×m is
an attention mask and m is the sequence length. Intuitively, if
wi is invisible to wj , the Mi,j will mask the attention score 0,
which means wi make no contribution to the hidden state of wj .

Multi-head attention is to compute multiple independent at-
tention heads in parallel and then concatenate the results.

head i = Attention
(
H lWQ

i , H lWK
i , H lWV

i

)
(5)

MHA = ConCat (head1, . . . , headh)W
O (6)

whereH l denotes the input sequence of the l-th block, h denotes
the number of heads, WQ

i ,WK
i ,WV

i and WO are trainable
model parameters.

C. Position-Wise Feed-Forward Layer

The second sub-layer is a position-wise fully connected feed-
forward network. And the residual connection is added around
the two sublayers, followed by layer normalization. The output
of the l-th block is calculated as:

Ol = LayerNorm(H l + MHA(X l)) (7)

H l+1 = LayerNorm(FFN(Ol) +Ol) (8)

where FFN is the position-wise feed-forward layer:

FFN(x) = max (0, hiW1 + b1)W2 + b2 (9)
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Fig. 2. Overview of our proposed MGT model. The input is a long concatenated sequence, and the position index of the head and tail is the continuous absolute
position. The gray lines represent the full connection within the sentence. The red lines indicate the links between sentences. ci,j means character level tokens and
wi,j means word-level tokens. ei denotes entity and si denotes corresponding status.

where W1 and W2 are trainable parameters, b1 and b2 are
parameter biases.

IV. MULTI-GRANULARITY TRANSFORMER

The goal of our model is to maximize the likelihood of a set
of medical terms and status Y = (e1, s1, . . ., et, st), given a set
of input dialogue sentences X = (x1, . . ., xm) as:

max
Θ

1

N

N∑
n=1

log (PΘ (Y | X)) (10)

where ei means the i-th medical term and si means the status of
the i-th medical term, t means the number of medical terms in
sample Y , m is the number of dialogue utterance, xi means the
i-th utterance, N is the number of training data.

A. Flat Lattice-Encoder

The Lattice-encoder is an effective and general way to repre-
sent multiple sub-sequences in a directed graph. In this paper,
we use a flat lattice-encoder to model both character and word
sequence simultaneously. It converts the inputs from the lattice
into the flat structure by defining tokens as a set of spans. As
shown in Fig. 2, each token (character or word) span includes
a head position and a tail position, denoting the position index
of the start character and end character in the original sequence.
This method flatly represents lattice inputs while still maintain-
ing the original structure.

1) Relative Position Encoding (RPE): Flat-lattice structures
merge different granularity sub-sequences. Thus, the traditional
absolute position encoding method described in section III-A is
not suitable. Following Li et al. [16], we use relative position
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between tokens based on four distances:

dhhi,j = headi − headj

dhti,j = headi − tailj

dthi,j = taili − headj

dtti,j = taili − tailj (11)

Previous work [16] uses a concatenated four-distance em-
bedding following a nonlinear transformation as the position
embeddings:

FourPosi,j=C at(PE(dhhi,j ), PE(dhti,j), PE(dthi,j), PE(dtti,j))

Rij = ReLU (Wr (FourPosi,j))) (12)

While this kind of relative position encoding is unfair to
modeling the distance relationship between word spans. For
example, for two words tokeni and tokenj with position head
and tail pairs of [6, 8] and [3, 5], the distance between them is
[3, 1, 5, 3] (i → j). Although the two words are adjacent, the
largest relative distance is still 5 and the most frequent distance
is 3. Even the relative distance to oneself is not zero (i → i is
[0, −2, 2, 0])

Therefore, we propose a new relative position encoding,
which can better capture the distance between two types of
tokens and be aware of the directionality at the same time. We
only keep one distance that has the smallest absolute value. In
the preceding example, the distance between i → j is 1, the
distance between i → i is -1, and the distance between i → i is
0. Therefore, it can distinguish different directions and distances.
The formula for calculating our Relative Position Encoding
(RPE) is as follows:

posi,j = AbsMin([dhhi,j , d
ht
i,j , d

th
i,j , d

tt
i,j ]) (13)

where AbsMin is a function that keeps the element with
the smallest absolute value in four distances. For example,
AbsMin([2,−1, 3, 2]) = −1.

We then calculate the distance embedding by using the equa-
tion (1). The final relative position encoding is a simple nonlinear
transformation of the distance embedding:

Rij = ReLU (Wr (PE(posi,j))) (14)

where R is a matrix and Ri,j indicates the relative distance
embedding between i-th token and j − th token.

2) Lattice-Aware Self-Attention: Then the self-attention with
relative position encoding [44] is calculated as:

Arel
i,j = W�

q E
�
xi
Exj

Wk,E +W�
q E

�
xi
Ri,jWk,R

+ u�Exj
Wk,E + v�Ri,jWk,R (15)

where Wq,Wk,R,Wk,E ∈ Rdmodel∗dhead and u, v ∈ Rdhead

are learnable parameters,dmodel anddhead denote the dimension
of hidden state and each head.

The multi-head lattice attention is calculated as:

Attention(Q,K, V ) = softmax

(
Arel +Mr

√
dk

)
V (16)

where the Arel matrix is calculated by (15). Mr is the mask
matrix, and we will discuss it later. The following steps after
calculating the headi are the same with vanilla Transformer.

B. Role Access Controlled Attention (RaCa)

The Lattice-encoder uses a self-attention mechanism simi-
lar to the vanilla Transformer with fully connected attention
connections. Then treating dialogue as a long sentence will
lead to difficulty to capture turn-level information. However,
common hierarchical mechanisms need to add additional pa-
rameters. Thus, we propose the RaCa model, which models
the hierarchical structure within the long sentence without in-
creasing any parameters. In each turn, we add a special token
<psep> or <dsep>, which represents the roles of patient and
doctor, respectively. The input sequences concatenate several
turns, and each role token can interact with two categories of
tokens. The first category is the tokens in the same turn. Previous
experiments [17] have shown that a special classification token
([CLS]) in front of every example can be used as the aggregate
sequence representation. Therefore, the role token can collect the
relevant information from the rest of the turn tokens. The second
category is the role tokens from the previous and subsequent
turn. Then the role token not only models turn-level information
but can also capture context information. Conversely, the token
in the sentence can interact with the sentence representation
containing context information. Formally, we obtain masks as
follows:

mij =

{
0 if i ∈ S(j) ∨ j ∈ N (i)
−∞ else

(17)

where S(j) means all the tokens of the sentence in which the
j-th token is located,N (i) denotes the neighborhood of sentence
role tokens. The above mask is designed to be plugged into each
Transformer layer via the masking term Mr in (16).

C. Decoder

Except for the mask in cross attention, the decoder in our
model is the same as the decoder in the vanilla Transformer.
There are some duplicate tokens in our context since it comprises
both character-level and word-level tokens. With the premise
that coarse-grained information is simpler for feature selection,
we mask the redundant character-level tokens and retain word-
level tokens in the decoder stage.

V. EXPERIMENTS

A. Datasets and Evaluation Metrics

Chunyu Dataset [11]: The corpus includes 1,120 dialogues
collected from a Chinese medical consultation website, Chunyu-
Doctor1, under the topic of cardiology. This website archives
doctor-patient consultation discussions, including chat content
and role information, and conceals users’ personal information.
The four primary term categories defined in this corpus are
symptom, surgery, test, and other info. The terms quantity of

1[Online]. Available: https://www.chunyuyisheng.com

https://www.chunyuyisheng.com
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TABLE I
DESCRIPTION THE STATISTICS OF TURNS AND TOKENS ON TWO DATASETS

symptom, surgery, test, and other info, respectively, are 45, 4,
16, and 6. The term statuses are defined as follow: Patient-pos,
Patient-neg, Doctor-pos, Doctor-neg, and Unknown. The term’s
triple form is as follows: (symptom, cold, Patient-pos). The
annotation is a window-to-information approach, which implies
that the information inside a segment of conversation is directly
annotated without word-level sequence labeling information,
and the window size is 5. The total number of windows is 18,212.
The corpus is divided into train/dev/test sets of size 800/160/160.

CMDD Dataset [14]: This corpus is constructed from the
pediatric department of a Chinese online health community,2

which contains 2,067 conversations, focusing on four diseases,
“upper respiratory infection,” “functional dyspepsia,” “infantile
diarrhea” and “bronchitis”. The CMDD corpus only contains
symptoms. The symptom status is divided into three categories:
True, False, and Uncertain. This corpus applies a character-level
sequence labeling schema. Each symptom-related character is
annotated by the BIO label. The total conversations are split by
3:1:1 to obtain a train/dev/test set. The original data of multiple
sentences of the same role are treated as multiple turns. In our
experiment, we merged continuous multiple sentences from a
role into one turn. In this paper, we also segment the dialogues
into windows, and the window size is 5. Table I shows more
detailed statistics about the two corpora.

We segment all dialogue sentences using jieba.3 To optimize
the preservation of term integrity, we specify our own lexicon,
which comprises a significant number of medical words. In the
original Chunyu dataset, several statuses for the same medical
term would be displayed in one window, and we only preserve
the final state that is suitable for the conversation system in
our experiment. In the CMDD dataset, we only removed the
repeating medical term-status pairs in generative models.

Evaluation Metrics: We evaluate the results of each seg-
mented window and show the micro-average of all the test
windows. Following Zhang et al. [11], we consider two main
metrics. Full: only the category (Only Chunyu corpus), med-
ical term, and their corresponding status are strictly correct;
the triples or tuples are considered valid. Term: only consider
medical terms, regardless of status. It is worth noting that not
all windows have golden labels; sometimes they are empty. In

2[Online]. Available: https://www.muzhi.baidu.com
3[Online]. Available: https://github.com/fxsjy/jieba

TABLE II
MAIN HYPER-PARAMETERS FOR TRANSFORMER-BASED

AND BERT-BASED MODELS

this case, if the prediction is also empty, then we set Precision,
Recall, and F1-score to 1, otherwise 0.

B. Baselines

We compared our proposed model MGT against three differ-
ent type models:
� SAT [12]: a two-stage sequence labeling based method.

The entity span is identified by the sequence tagging
model(Transformer+CRF) using a generic tag set (BIO)
in the first stage. Based on the hidden representation of
identified spans, two multi-layer perceptron classifiers are
used in the second stage to normalize the entity and infer
their status.

� FLAT-SAT: we also employ the state-of-art sequence label-
ing model FLAT [16] in two-stage method, in which FLAT
recognizes entities in the first state and then classifiers
normalize entities and infer their status.

� BERT-SAT & BERT-SATf : two-stage methods with BERT
encoders. And BERT-SATf denotes the model fine-tuned
by our training data.

� MIE [11]: a multi-label classification method based on a
deep matching model that can make use of the interaction
between dialogue turns.

� Hier-Transformer: A character-level Transformer model
with hierarchical encoder.

� Transformer-char: A normal character-level Transformer
model, treating the dialogue segment input as a long sen-
tence.

� Transformer-word: A normal word-level Transformer
model with the same structure as the Transformer-char
model.

C. Implementation Details

The MIE model uses pre-trained 300-dimensional Skip-
Gram [45] embeddings, the hidden size of Bi-LSTM is 400
and the drop rate is 0.2. All hyper-parameters are the same as
described in Zhang et al. [11]. Transformer-based models and
BERT-based models, including SAT and all generative models,
use the hyper-parameters as described in Table II. The beam
size for generative models is set to 5. The classifiers used
in SAT-based methods are four layer multi-layer perceptrons.
We use the Adam [46] optimizer to train the models. The
hyper-parameters of the Adam optimizer: we set two momentum
parameters,β1 = 0.9 andβ2 = 0.999. The Transformer encoder

https://www.muzhi.baidu.com
https://github.com/fxsjy/jieba
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TABLE III
TERM METRIC RESULTS OF DIFFERENT MODELS BOTH ON CHUNYU DATASET AND CMDD DATASET

TABLE IV
FULL METRIC RESULTS OF DIFFERENT MODELS BOTH ON CHUNYU DATASET AND CMDD DATASET

and Lattice-based Transformer encoder are all pre-trained with
masked language modeling objective [17] on the mix of two
corpus sentences. The mask rate is 15% which is following
previous work [17].

VI. RESULTS AND ANALYSIS

In this section, we compare our model with existing studies on
the experimental datasets. Table IV and Table III detail the results
of our experiments. Since the Chunyu dataset has no token-level
label information, we do not test the SAT method on the Chunyu
dataset. To evaluate the contribution of individual components
of our model, we also experiment with model variants where
some of the components are removed or added. In detail,
Lattice-Transformer denotes that only keep Lattice-encoder in
MGT, which only takes character and word granularity into ac-
count. The RaCa model denotes that our RaCa module is added

to the vanilla Transformer model with character-level inputs
(RaCa-Char) and word-level inputs (RaCa-Word). Furthermore,
“RaCa-Char-w/o role” means we replace two special role tokens
with the same token in the experiment of the RaCa-Char model
to verify the effect of the role information.

A. Main Results

From Table IV we can see that our MGT model achieves
an F1 score of 72.7% on the Chunyu corpus and 77.6% on
the CMDD corpus, which is considerable improvement in the
real and complex medical dialogue. On the Chunyu dataset, our
model outperforms the previous MIE results by a large margin of
4.0% and 4.9% on the CMDD dataset. Our model outperforms
the SAT model by 3.4%, which demonstrates the power of inte-
grating multi-granularity information. And the (†) indicates that
the improvement over baselines is statistically significant where
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p < 0.05. Besides, from the results of the ablation experiment,
we can see that all the proposed components are effective in
contributing the final performance as expected.

Comparison with classification-based models: As shown in
Table IV, the SAT model is a strong baseline. The BERT-SAT
is improved greatly after fine tuning, demonstrating that the
domain of a large-scale pre-training model is considerably
distinct from the area of medical conversation. However, our
model outperforms strong baselines without the use of extra
corpus, indicating that field knowledge (word segmentation
based on medical dictionaries and incorporating conversation
interaction) may significantly increase the model’s performance
and data utilization rate. The FLAT-SAT model provides word
information on the basis of the SAT model, which enhances
the SAT model’s performance on the Term metric but not on
the Full metric. This demonstrates that merely incorporating
words into characters does not assist the model in carrying
out long-distance semantic dependency and interaction between
dialogue turns, both of which are critical for state inference. In
our MGT model, we mainly incorporate character information
into words. Our approach of relative position encoding encodes
word-level information more fairly. And we employ coarse-
grained word-level information and sentence level interaction
information in the generating process. This enables the model
to capture long-distance semantic dependent information more
effectively.

Comparison with generative models: From Table IV we can
see that the word-level Transformer model does not give better
performance than the char-level Transformer. Moreover, they
drop by more than 2% on the Chunyu dataset and more than
6% on the CMDD dataset, indicating that the word-level model
may suffer from sparse data problems. However, we find that
the performance of the multi-granularity method MGT is signif-
icantly better than individual granularity methods, which veri-
fies the effectiveness of the proposed multi-granularity network
for medical dialogue understanding. Moreover, our RaCa-Char
model surpasses Hier-Transformer on both datasets without
introducing additional training parameters, demonstrating the
effectiveness and simplicity of our RaCa mechanism. The vanilla
Transformer-Char model achieves good performance on the
Term metric, especially on the Chunyu dataset, but it is worse
than other baselines on the Full metric. This indicates that it
lacks modeling of sentence semantics and does not have enough
ability to infer the status. The Hier-Transformer model results are
opposite, which suggests that term detection is more dependent
on local information. In contrast, our MGT model is better
than Transformer-Char on Full metric but achieves comparable
results on Term metric, which shows that our model has better
inference ability without losing the term detection ability. We
also find that our MGT model has a noticeable improvement on
the Term metric on the CMDD dataset. One possible reason for
our analysis is that the Chunyu data set has fewer term categories.

B. Model Analysis

Ablation Studies: Comparing Lattice-Transformer with the
Transformer-Char and Transformer-Word models, as suggested

TABLE V
RESULTS ON FULL METRIC OF TWO RELATIVE POSITION ENCODING METHODS

in Table IV, we can see that the mixture of characters and
words is better than any single-granularity model. This indi-
cates mutual complementation in the combination of char and
word level information can contribute to a more comprehensive
understanding of dialogue semantic. Comparing the RaCa (Char
and Word) models with Transformers (Char and Word) models,
we can see significant improvements. It shows the importance of
cross-turn interaction and demonstrates that the RaCa module
benefits medical term and status generation. Compared to the
“RaCa-Char-w/o role” model with the “RaCa-Char” model,
we can see obvious drops in performance, especially on the
Chunyu dataset, whose status is directly related to roles. This
illustrates the significance of considering the role information.
Furthermore, we also find that the Lattice-Transformer produces
better improvements than RaCa on the CMDD dataset. However,
the opposite result is obtained on the Chunyu dataset. This sug-
gests that both modules work but behave differently on different
datasets.

Effect of Relative Position Encoding: We studies the effects
of different relative position encoding methods on two datasets,
and the results are shown in Table V. We explored two relative
position encoding settings in Lattice-Transformer: “AbsMin”
indicates the method we proposed in this paper, “FourPos”
indicates a non-linear transformation of the four distances pro-
posed in reference [16]. We see that the method we proposed
works better than the “FourPos” method on both datasets. In
reference [16], four distances are used in the model, introducing
much redundant position information. Meanwhile, our proposed
method is more concise and helps the model learn useful infor-
mation.

Effect of Different Interactions: According to the performance
changes in the ablation models, we find that the use of the
RaCa module can significantly improve the performance. In our
RaCa module, we consider the hierarchical dialogue structure
modeling the interaction among turn levels. However, there is a
question: is there any other structure in dialogue text better than
hierarchical structure? Therefore, we conduct experiments with
different interaction structures, as shown in Fig. 3. Following the
intuitive characteristics of the dialogue below: 1) Two adjacent
sentences have the closest relationship. The “adjacent” structure
means that the role token has access to both the current utterance
and the previous utterance, modeling the adjacent relationship
of dialogue. 2) Current utterance is always based on the overall
meaning of the previous utterance. The “interlace” structure
means that current utterance tokens have access to both current
utterance tokens and previous utterance level representation
token. The “hierarchical” structure denotes our original RaCa
module. The results are shown in Table VI. It can be concluded
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Fig. 3. Overview of different dialogue structure. “ui” means all tokens in
utterance i. The pink and orange node denote the different role tokens.

TABLE VI
EXPERIMENT RESULTS WITH DIFFERENT STRUCTURE ON CMDD DATASET

Fig. 4. The F1 score of different models in the “Implicit Terms” scenario.

from the table that the hierarchical structure is the most stable
and effective.

C. Qualitative Analysis

Furthermore, to verify the effect of the model in complex
dialogue scenarios, we randomly screened out the following
three types of data from the test set:

I) Implicit terms, which denotes standard terms in the refer-
ence or their common expression, for example “�� (diarrhea)”
and its common expressions, such as “��� (diarrhea)” and so
on, do not explicitly appear in the dialogue. The F1-score results
on the Term metric and the Full metric are shown in Fig. 4. From
the results, we can see that classification-based methods (SAT
and MIE) drop by a large number of points. Especially the MIE
model, which uses the standard term representation to match the
dialogue context, drops sharply when there is a big difference

Fig. 5. The F1 score of different models in the “Implicit Status” scenario.

between terms and context. In contrast, the performance of
generative models is better in this case and our full model
MGT performs best. This indicates that the generative model
has advantages in the case of complex term expressions. After
adding word-level information, there is a certain improvement
both on the term metric and the full metric, which denotes that
word-level information is useful for inferencing this kind of
flexible expression.

II) Implicit status, which denotes common status expressions
such as “Not have” or “Yes” etc., do not exist in dialogue. This
is a common situation in conversations as status information is
usually used as an invisible premise and needs to be inferred
from context. For example “What to do with enteritis?, “ the
status of “enteritis” is “True” by default, but in “What should
I do if it is enteritis?, “ the status of “enteritis” is “Uncertain”.
The results are shown in Fig. 5. From the figure, we can see
that models generally perform well. The SAT model, which can
locate the positions of terms, has an advantage in this scenario.
However, our Lattice-Transformer and RaCa-Char model all
achieve comparable results without intermediate annotation in-
formation and better than vanilla Transformer. This indicates that
adding coarse-grained information (word or turn) can enhance
the model’s ability to understand the high-level semantic.

III) Interaction. Another common scenario is that the status of
the term needs to be inferred through the interaction of speakers.
We filter out these terms and calculate the accuracy of these terms
with different models. Sometimes the answer may not appear
immediately after the question, and there is some other content
inserted in the font of the answer. The farther the distance, the
more difficult it is to infer the status. Therefore, we classify
terms according to the distance between the answer and the
question. The results are shown in Fig. 6. “d = 0” means that
the answer appears immediately after the question. “1 ≤ d ≤
5” means there are no more than five characters between the
answer and the question. From the results, we can see that the
turn level information will be more effective as the distance
increases. The MIE is better than the vanilla Transformer, and the
RaCa-Char model surpasses the Lattice-Transformer model as
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Fig. 6. The accuracy of different models in the “Interaction” scenario.

the distance increases. The SAT model can locate terms and still
has advantages in this scenario. But our full model can process
multi-granularity features simultaneously and has a stronger
ability to understand different types of dialogues.

Case Study: We also present a qualitative analysis based on
the case study. Fig. 7 displays the results produced by different
models. As we can see, our MGT model generates more accurate
medical terms and status for the doctor-patient conversation
compared to baselines. All baselines ignore the symptom “gur-
gling with sputum (���),” which is described more obscure
compared to “fever” and “cough”. While our model produces
“gurgling with sputum (���)” and corresponding status
correctly, showing its efficacy of capturing global and local
semantic information. We also found that our model has better
status reasoning ability and the ability to capture relevant infor-
mation. In example II, the status needs to be inferred through
the interaction and the semantic information of the sentence. In
this case, the MIE model fails to detect the state information, the
Transformer-Char trends to generate three consistent status even
though it only has one error. Our model, on the other hand, can
correctly detect the corresponding entity and status information.

Efficiency of MGT: We also compare the running times of
several models. Fig. 8 shows the running time of different models
compared to the vanilla Transformer model. As seen in the fig-
ure, the Transformer, which benefits from parallelism, is quicker
than the LSTMs, and the generative models do not fall short of
the two-stage model. The speed of the MGT drops in comparison
to the Transformer, SAT and BERT-SAT models, although it
still offers benefits over other baselines. In order to illustrate
the generalization of our model, we also compare our model
results with different hyper-parameters. The results are shown
in Table VII. The first line is our original reported results. The
experimental results reveal that the model is relatively stable,
with the F1 value of the modified parameter model remaining
greater than 0.77.

Visualization of attention: For better understanding, we visu-
alize the context attention distributions of the MGT model in
Fig. 9 when generating medical terms and their status. From the

Fig. 7. Two examples of clinical conversation windows and their correspond-
ing target medical terms and status. The right part are results produced by
baselines and our model. The first example comes from the CMDD dataset,
while the second comes from the Chunyu dataset.

Fig. 8. Inference-time of different models (batch size is 8), compared with
Transformer.
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Fig. 9. The visualization of attention weights of the context-attention layer. Due to the original sentences are in Chinese, we try to correspond with the Chinese
tokens in translation. The x-axis is the input of the dialogue text, and the y-axis is the output of our MGT model.

TABLE VII
RESULTS OF DIFFERENT HYPER-PARAMETERS ON CMDD DATASET

example I (Fig. 9(a)), we can observe that the attention values
of the mentions of “In the laryngopharynx,” “snoring,” “voice”
are relatively high, which illustrates that the model can capture
the implicit symptom expression in the dialogue context. From

example II (Fig. 9(b)), we can observe that symptom-related
context is easy to capture, and our model can also correctly
capture the status context. In this example, the expression of
status is also obscure. The status of the three symptoms is
described together in words :“All do not have”. Our model can
correctly capture this information, indicating that the model can
better understand the context of the dialogue.

VII. CONCLUSION

In this work, we proposed a Multi-granularity Transformer
model, an end-to-end architecture, for Chinese clinical conver-
sation understanding. We evaluated our models on two Chi-
nese medical dialogue corpora. Extensive experiments show the
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Fig. 10. The statistics of terms on the Chunyu dataset.

Fig. 11. The statistics of terms on the CMDD dataset.

merit of using multi-granularity information and demonstrate
its power in complex dialogue scenarios, compared with the
previous classification-based methods and standard generative
methods. We also conduct detailed analysis to show the effect
of different components. Thanks to exploring suitable dialogue
interaction with our proposed mechanism RaCa, we found that
the hierarchical structure is stable and surpasses other struc-
tures. All in all, we demonstrate the benefit of incorporating
the multi-granularity dialogue feature in medical terms and the
status generation process.

APPENDIX

ADDITIONAL STATISTICS OF TWO DATASETS

In order to better show the details of our two training corpora,
we add two graphs describing their term distribution separately.
The results are shown in Figs. 10 and 11.
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