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SESSION RESPONSE METHOD AND APPARATUS,

ELECTRONIC DEVICE AND STORAGE MEDIUM

CROSS-REFERENCE TO RELATED APPLICATIONS

The present application claims priority to Chinese Patent Application No.
202310913820.9, which was filed on July 24, 2023 and entitled “SESSION
RESPONSE METHOD AND APPARATUS, ELECTRONIC DEVICE AND
STORAGE MEDIUM?”, the content of which is hereby incorporated by reference in

its entirety.

TECHNICAL FIELD

The present disclosure relates to the field of information processing technology, and,
in particular, to a session response method and apparatus, an electronic device and a

storage medium.

BACKGROUND

Intelligent customer service is a technology based on natural language processing, and,
in recent years, has been widely used on major Internet platforms. The relevant
technology is mainly based on natural language processing technology, i.e.,
understanding and answering the text content input by the user. However, with the
diversification of user needs, user input has become multi-modal, and single text
understanding cannot fully understand the user context and intention, resulting in low

response accuracy and poor user experience.

It should be noted that the information disclosed in the above Background is only
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used to enhance the understanding of the background of the present disclosure, and
therefore may include information that does not constitute the prior art known to those

skilled in the art.

SUMMARY

According to a first aspect of the present disclosure, a session response method is
provided, comprising: acquiring multi-modal session information arranged according
to a session time sequence, wherein the multi-modal session information includes first
modal information and second modal information; performing multi-modal semantic
representation on at least two modal features in the first modal information to obtain a
first representation vector; performing semantic representation of a corresponding
modality on the second modal information to obtain a second representation vector;
inputting the first representation vector, the second representation vector and the
corresponding session time sequence into a session matching model, respectively, to
obtain a matching result; and responding to the multi-modal session information

according to the matching result.

Optionally, performing multi-modal semantic representation on at least two modal
features in the first modal information comprises: extracting text content and text
position information from the first modal information; dividing the first modal
information into patchs to obtain patch information and patch position coordinates;
performing vectorization representation on the text content, the text position
information, the patch information and the patch position coordinates, respectively;
and performing multi-modal semantic representation on a vectorization representation
result by a multi-modal semantic representation model to obtain a first representation

vector.

Optionally, performing vectorization representation on the text content, the text
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position information, the patch information and the patch position coordinates,
respectively, comprises: performing embedded mapping on the text content, the text
position information and the patch position coordinates, respectively; and performing

linear mapping on the patch information.

Optionally, the multi-modal semantic representation model includes a first encoding
model, a second encoding model and a feature fusion model, and performing
multi-modal semantic representation on a vectorization representation result
comprises: performing, by the first encoding model, encoding processing on a vector
representation result of the patch information and a vector representation result of the
patch position coordinates, respectively, to obtain a first encoding vector; performing,
by the second encoding model, encoding processing on vector representation of the
text content and vector representation of the text position information, respectively, to
obtain a second encoding vector; and performing, by the feature fusion model, feature
fusion on a concatenated vector of the first encoding vector and the second encoding
vector to obtain the first representation vector, wherein the first encoding model and
the second encoding model are obtained based on a pre-training process of contrastive

learning.

Optionally, the method further comprises: acquiring a business corpus of a target
business, the business corpus including at least two first modal corpora; taking an
image feature and a text feature of one of the first modal corpora as positive examples,
and taking an image feature of one of the first modal corpora and a text feature of
another of the first modal corpora as negative examples, to construct a first training
sample; and performing, using the first training sample, contrastive learning training
on the first encoding model and the second encoding model to obtain a pre-trained

multi-modal encoding model.

Optionally, performing, using the first training sample, contrastive learning training
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on the first encoding model and the second encoding model comprises: inputting
image features corresponding to the positive examples and negative examples in the
first training sample into the first encoding model, and outputting an image
representation vector; inputting text features corresponding to the positive examples
and negative examples in the first training sample into the second encoding model,
and outputting a text representation vector; calculating a contrastive loss based on the
image representation vector and the text representation vector; and training the first
encoding model and the second encoding model, according to the contrastive loss, to

obtain a pre-trained multi-modal encoding model.

Optionally, performing semantic representation of a corresponding modality on the
second modal information comprises: performing semantic encoding on the second
modal information by a semantic encoding model to obtain the second representation
vector, wherein the semantic encoding model is obtained by training a pre-trained

third encoding model.

Optionally, the method further comprises: taking various multi-modal session corpora
in the business corpus as a second training sample; retrieving a label of the second
training sample in a search knowledge base, wherein the search knowledge base,
which is constructed based on the business corpus, includes a domain dimension, an
intention dimension within the domain, and a question-answer pair dimension under
the intention, and the label includes labels under various dimensions; and training,
using the second training sample and the corresponding label, the pre-trained first
encoding model, second encoding model and third encoding model, the feature fusion

model, and the session matching model, respectively.

Optionally, the session matching model comprises a context representation model and
a plurality of prediction heads, one prediction head corresponding to one dimension in

the search knowledge base, and to obtain a matching result comprises: performing, by
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the context representation model, feature encoding based on a multi-head attention
mechanism on the first representation vector, the second representation vector and the
corresponding session time sequence to obtain a third representation vector; and
inputting the third representation vector into each of the prediction heads to obtain a

matching result corresponding to each dimension.

Optionally, to obtain a matching result corresponding to each dimension comprises:
performing, using each of the prediction heads, full connection processing and
nonlinear activation processing on the third representation vector to obtain a
prediction probability score corresponding to each prediction head; and determining a
prediction result with a top n prediction probability score in each prediction head as

the matching result, where n is a positive integer.

Optionally, the method further comprises: performing keyword matching on the text
content and the second modal information, respectively, in a domain keyword library;
and performing keyword matching on the text content and the second modal
information, respectively, in an intention keyword library, wherein the domain
keyword library and the intention keyword library are respectively constructed based
on knowledge information of the corresponding dimensions of the search knowledge

base.

Responding to the multi-modal session information according to the matching result
comprises: rearranging, according to the matching result of each prediction head and
the keyword matching results, matching results of the prediction head corresponding
to the question-answer pair dimension to obtain a rearrangement score; and using a
question-answer pair with the rearrangement score greater than a preset threshold as

the response content for a session response.

According to a second aspect of the present disclosure, a session response apparatus is
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provided, comprising: an acquisition module, a first representation module, a second
representation module, a session matching module, and a response module, wherein:
the acquisition module is configured to acquire multi-modal session information
arranged according to a session time sequence, wherein the multi-modal session
information includes first modal information and second modal information; the first
representation module is configured to perform multi-modal semantic representation
on at least two modal features in the first modal information to obtain a first
representation vector; the second representation module is configured to perform
semantic representation of a corresponding modality on the second modal information
to obtain a second representation vector; the session matching module is configured to
input the first representation vector, the second representation vector and the
corresponding session time sequence into a session matching model, respectively, to
obtain a matching result; and the response module is configured to respond to the

multi-modal session information according to the matching result.

According to a third aspect of the present disclosure, there is provided a
computer-readable storage medium having a computer program stored thereon that,
when executed by a processor, implements the method of any one of the above

embodiments.

According to a fourth aspect of the present disclosure, there is provided an electronic
device, comprising: one or more processors; and a storage device for storing one or
more programs that, when executed by the one or more processors, cause the one or

more processors to implement the method of any one of the above embodiments.

It should be understood that the foregoing general description and the following
detailed description are exemplary and explanatory only, and cannot restrict the

present disclosure.
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BRIEF DESCRIPTION OF DRAWINGS

The figures herein, which are incorporated into the Description and constitute a part
of this Description, illustrate embodiments consistent with the present disclosure and,
together with the Description, serve to explain the principles of the present disclosure.
Obviously, the figures described below are only some embodiments of the present
disclosure, and those skilled in the art can also obtain other figures based on these

figures without any inventive work.

FIG. 1 schematically shows a flowchart of a session response method according to an

embodiment of the present disclosure.

FIG. 2 schematically shows a flowchart of a multi-modal representation process of

first modal information according to an embodiment of the present disclosure.

FIG. 3 schematically shows a flowchart of a contrastive learning training process

according to an embodiment of the present disclosure.

FIG. 4 schematically shows a schematic diagram of a cascade search knowledge base

according to an embodiment of the present disclosure.

FIG. 5 schematically shows a flowchart of a keyword matching process of a keyword

library according to an embodiment of the present disclosure.

FIG. 6 schematically shows a processing flowchart of a session response process

according to an embodiment of the present disclosure.

FIG. 7 schematically shows a structural patch diagram of a session response apparatus

according to an embodiment of the present disclosure.
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FIG. 8 shows a patch diagram of an electronic device suitable for implementing the

embodiments of the present disclosure.

DETAILED DESCRIPTION

Now, exemplary embodiments will be described more fully with reference to the
figures. However, the exemplary embodiments may be implemented in many forms
and should not be construed as limited to the examples set forth herein; rather, these
embodiments are provided so that the present disclosure will be more comprehensive
and complete and will fully convey the concept of the exemplary embodiments to
those skilled in the art. The described features, structures or characteristics may be
combined in any suitable manner into one or more embodiments. In the following
description, numerous specific details are provided so as to give a thorough
understanding of the embodiments of the present disclosure. However, those skilled in
the art will recognize that the technical solutions of the present disclosure may be
practiced while omitting one or more of the specific details, or other methods,
components, devices, steps, etc. may be adopted. In other cases, well-known technical
solutions are not shown or described in detail to avoid overshadowing the main ones

and obscuring the various aspects of the present disclosure.

Furthermore, the figures are merely schematic illustrations of the present disclosure
and are not necessarily drawn to scale. The same reference signs in the figures denote
the same or similar parts, and thus their repeated description will be omitted. Some of
the patch diagrams shown in the figures are functional entities, which do not
necessarily have to correspond to physically or logically separate entities. These
functional entities may be implemented in the form of software, or in one or more
hardware modules or integrated circuits, or in different networks and/or processor

devices and/or micro-controller devices.
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An embodiment of the present invention provides an exemplary system diagram of an
application scene for a session response method and apparatus, wherein the system
includes a terminal and a server. The method of the present embodiment can be
applied to a server. It is understandable that the method can also be applied to a
terminal or a system including the terminal and the server and implemented through
interaction between the terminal and the server. The server may be an independent
physical server, or a server cluster or distributed system composed of multiple
physical servers, or a cloud server that provides basic cloud computing services such
as cloud services, cloud databases, cloud computing, cloud functions, cloud storage,
network services, cloud communications, middleware services, domain name services,
security services, CDN (Content Delivery Network), as well as big data and artificial

intelligence platforms, or a node in the blockchain.

For example, in the customer service process, the user enters multi-modal session
information on the client. The server can, based on the multi-modal session
information, perform multi-modal semantic representation on at least two modal
features in the first modal information therein to obtain a first representation vector;
perform semantic representation of a corresponding modality on the second modal
information therein to obtain a second representation vector; input the first
representation vector, the second representation vector and the corresponding session
time sequence into a session matching model, respectively, to obtain a matching result;
and determine response content according to the matching result, and send the

response content to a user terminal.

The terminal may be a smart phone, a tablet computer, a laptop computer, a desktop
computer, a smart speaker, a smart watch, a vehicle-mounted device, etc., but is not
limited thereto. When the session response method provided in the present

embodiment is implemented through the interaction between the terminal and the
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server, the terminal and the server can be connected directly or indirectly via wired or

wireless communication, which is not limited in the present disclosure.

The session response method provided in the embodiment of the present disclosure
can be executed on a server, and, accordingly, the session response apparatus is

generally disposed in the server.

Hereinafter, the session response method disclosed in the embodiments of the present

Description is introduced in conjunction with specific embodiments.

As shown in FIG. 1, a session response method according to an exemplary
embodiment provided by the present disclosure can be applied to various intelligent

customer service systems and may include the following steps:

Step S110: acquiring multi-modal session information arranged according to a session
time sequence, wherein the multi-modal session information includes first modal
information and second modal information.

Step S120: performing multi-modal semantic representation on at least two modal
features in the first modal information to obtain a first representation vector.

Step S130: performing semantic representation of a corresponding modality on the
second modal information to obtain a second representation vector.

Step S140: inputting the first representation vector, the second representation vector
and the corresponding session time sequence into a session matching model,
respectively, to obtain a matching result.

Step S150: responding to the multi-modal session information according to the

matching result.

In the session response method provided by the present exemplary embodiment, on

the one hand, semantic representation can be performed on the first modal information

10
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and the second modal information in the multi-modal session information,
respectively, a representation result and a corresponding session time sequence can be
input into a session matching model to obtain a matching result, a session response
can be performed based on the matching result, multiple modal information and the
session time sequence in the multi-modal session information can be fused for the
response, and the understanding of the user’s previous context can be improved,
thereby improving the accuracy of the response. On the other hand, by performing
multi-modal semantic representation on at least two modal features in the first modal
information, it is possible to mine multiple modal features in the first modal
information, comprehensively and deeply understand the semantics in the first modal
information, and improve the depth and comprehensiveness of the semantic
understanding of the first modal information, thereby improving the accuracy of the

response.

In Step S110, multi-modal session information arranged according to a session time

sequence is acquired.

In the present exemplary embodiment, the multi-modal session information refers to
session information including at least two modal information; exemplarily, the session
information may be information with a time sequence formed by an interactive
dialogue between the user and the customer service, and the session time sequence
refers to a time sequence in the session. A modality is a source or form of information;
the multi-modal session information may include at least two of image information,
audio information, and text information. For example, the multi-modal session
information includes first modal information and second modal information, wherein
the first modal information is image information, and the second modal information is
text information or audio information. The first modal information and the second

modal information are information corresponding to different modalities.

11
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In Step S120, multi-modal semantic representation is performed on at least two modal

features in the first modal information to obtain a first representation vector.

In the present exemplary embodiment, the modal feature refers to at least one of a text
feature, an image feature, and an audio feature. Different modal features can be
extracted from the first modal information in various information extraction manners.
Semantic representation can be performed on the extracted multi-modal features by a
multi-modal semantic representation model, the multi-modal semantic representation
model may include multiple parallel semantic representation modules and modal
fusion modules, one modality can correspond to one semantic representation module,
the semantic representation module is used to perform semantic representation of the
corresponding modality, and the modal fusion module is used to fuse multiple

representation results.

Exemplarily, as shown in FIG. 2, the multi-modal semantic representation model
includes a first encoding model, a second encoding model and a feature fusion model,

and the multi-modal semantic representation can be performed by the following steps:

A first step: extracting text content and text position information from the first modal

information.

In the present exemplary embodiment, an optical character recognition model can be
used to extract the text content and the text position information from the first modal
information, i.e., the first modal features. The present embodiment can use OCR
(Optical Character Recognition) to extract text content and text box coordinates from

the image information.

A second step: dividing the first modal information into patchs to obtain patch

information and patch position coordinates.

12
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In the present exemplary embodiment, the patch refers to a patch of the image, the
patch information refers to an obtained image patch, and the patch position
coordinates refer to position coordinates of each image patch in the image. The
present embodiment can extract the image patch and its position coordinates, i.e., the

first modal features.

A third step: performing vectorization representation on the text content, the text
position information, the patch information and the patch position coordinates,

respectively.

In the present exemplary embodiment, the text content can be segmented and
converted into a word vector, such as embedding words, embedded mapping can also
be performed on the text position information and the patch position coordinates by
embedding, and the text position vector is superimposed with the word vector to form
vector representation of the first modal feature. The patch information (image patch)
can be mapped into a low-dimensional vector by linear transformation, and the patch
vector is superimposed with the patch position vector to form vector representation of
the second modal feature. The patch vector has the same dimension as the word

vector.

A fourth step: performing, by the first encoding model, encoding processing on a
vector representation result of the patch information and a vector representation result

of the patch position coordinates, respectively, to obtain a first encoding vector.

In the present exemplary embodiment, the first encoding model is used to perform
feature encoding on the image patch and its position information in the first modal
information, and the first encoding model may be a transformer architecture that uses

a multi-head attention mechanism to encode the image patch. For example, the input

13
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of the first encoding model is a corresponding CLS token (classification feature/used
for global feature aggregation) and image patch token (including the patch position
coordinate embedding), the model’s ability to recognize the overall page layout is
enhanced by adding patch position coordinates, and the output of the CLS token is

used as unimodal representation of the first modal information.

A fifth step: performing, by the second encoding model, encoding processing on
vector representation of the text content and vector representation of the text position

information, respectively, to obtain a second encoding vector.

In the present exemplary embodiment, the second encoding model is used to perform
feature encoding on the text content and its position information in the first modal
information, and the second encoding model may be a transformer architecture that
uses a multi-head attention mechanism to encode the OCR text. For example, the
input of the second encoding model is a corresponding CLS token and OCR text
token (including the text position information embedding), the model’s ability to
recognize the text structure and overall page layout is enhanced by adding text
position information, and the output of the CLS token is used as unimodal

representation of the second modal information.

A sixth step: performing, by the feature fusion model, feature fusion on a
concatenated vector of the first encoding vector and the second encoding vector to

obtain the first representation vector.

In the present exemplary embodiment, the first encoding vector and the second
encoding vector can be vector-concatenated and then input into a feature fusion model
for feature dimension fusion. The feature fusion model may be a multi-layer
perceptron, by which linear transformation and nonlinear processing are performed on

the concatenated vector to complete deep feature fusion and output the first

14
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representation vector of image and text fusion.

The multi-modal semantic representation model in the above embodiments is trained,
wherein the first encoding model and the second encoding model are obtained by
fine-tuning parameters via overall model training based on a pre-training process of
contrastive learning, and the feature fusion model is obtained via overall model

training.

Exemplarily, the contrastive learning pre-training process for the first encoding model

and the second encoding model may include the following steps:

Acquire a business corpus of a target business, the business corpus including at least

two first modal corpora.

In the present exemplary embodiment, the target business may be customer service
business or other business in a customer service scene (such as pre-sales business or
after-sales business, financial business, etc.), and the business corpus, which is a
corpus knowledge base for the target business, may include interactive corpora
between the user and the customer service in various customer service scenes. The
corpora may include a large amount of information such as text, images, and audio.
The first modal corpus may be an image corpus, and one image can serve as one first

modal corpus.

Take an image feature and a text feature of one of the first modal corpora as positive
examples, and take an image feature of one of the first modal corpora and a text
feature of another of the first modal corpora as negative examples, to construct a first

training sample.

In the present exemplary embodiment, the image feature and the text feature of the

15
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same image can be taken as positive examples, and the image feature of one image
and the text feature of another image can be taken as negative examples, that is, the
text feature and the image feature of the negative examples come from different

images, to construct a first training sample.

Perform, using the first training sample, contrastive learning training on the first
encoding model and the second encoding model to obtain a pre-trained multi-modal

encoding model.

In the present exemplary embodiment, by the contrastive learning training of the first
encoding model and the second encoding model, common features between the
positive examples are learned, and differences between the negative examples are
distinguished. The two encoding models subjected to contrastive learning encode the
same type of data similarly, and make the encoding results of different types of data as
different as possible. The contrastive learning does not need to focus on the tedious
details of the instance, but only needs to learn to distinguish the data in the feature
space at the abstract semantic level, so that the model and its optimization are simpler

and have stronger generalization ability.

Exemplarily, referring to FIG. 3, the contrastive learning training can be performed by
the following steps:

inputting image features corresponding to the positive examples and negative
examples in the first training sample into the first encoding model, and outputting an
image representation vector; inputting text features corresponding to the positive
examples and negative examples in the first training sample into the second encoding
model, and outputting a text representation vector; calculating a contrastive loss based
on the image representation vector and the text representation vector; and training the
first encoding model and the second encoding model, according to the contrastive loss,

to obtain a pre-trained multi-modal encoding model.

16



10

15

20

25

In the present exemplary embodiment, the first encoding model is used for image
representation, and the second encoding model is used for text representation. An
InfoNCE loss can be used for training. Specifically, the contrastive loss can be

expressed as:

LInfoNCE = LVZI + LlZV
L

v2l corresponds to a contrastive learning loss for a given image:

exp(f¥" - £1/7)
LV21 - _Z lOg ex (f‘VT . f.l/ + 2 ] fVT . fl
T Pl i/0 j=i €xp (f; j/T)’and

where

12v corresponds to a contrastive learning loss for a given text:
exp(f" - /D)
Ly = _Z log vT ol vT ¢l
- exp(fi’ - fi/0) + Xjziexp(fy - fi/D)
f Vv
*

may be i or j, i and j represent image numbers, respectively, T is a temperature

where is an image representation vector, f* is a text representation vector, *

hyperparameter (e.g., set to 0.05), and the superscript T indicates a transpose

operation.

In the present embodiment, by unsupervised contrastive learning pre-training with a
large number of positive and negative samples, the first encoding model and the
second encoding model can learn information of two dimensions: first, the overall
page layout of the image and the layout information of the OCR text box, which are
helpful for domain judgment; second, the semantic information of the OCR text,
wherein, with the help of semantics, the domain can be judged from another
dimension, and intention judgment can also be performed on part of the image based

on semantics.

Based on the above pre-training of the first encoding model and the second encoding
model, the entire model can also be trained as a whole. The entire model may include

17
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a multi-modal semantic representation model, a pre-trained third encoding model and
a session matching model, and the overall training process may include the following

steps.

Construct a search knowledge base based on the business corpus. Take various
multi-modal session corpora in the business corpus as a second training sample;
retrieve a label of the second training sample in the search knowledge base; and train,
using the second training sample and the corresponding label, the pre-trained first
encoding model and second encoding model, the pre-trained third encoding model,

the feature fusion model, and the session matching model, respectively.

In the present exemplary embodiment, since the present method can be understood as
a search-based response manner, in order to cover all the questions and needs of users
as much as possible, it is necessary to form a search knowledge base based on each
domain, user intentions, and possible FAQs (Frequently Asked Questions) and
answers in the customer service scene so that it can cover all customer service
business scenes. As shown in FIG. 4, the search knowledge base may include a
domain dimension (domain 1, domain 2 ... domain N), an intention dimension within
the domain (such as intention 1-2 ... intention 1-ml within domain 1) and a
question-answer pair dimension under the intention (such as question-answer pairs
1-1-1 ... 1-1-p1 under intention 1-1), wherein N is the number of domains, m1 is the
number of intentions within domain 1, and p1 is the number of question-answer pairs
under intention 1-1. “...” in FIG. 4 indicates that a specific example is omitted here.
The construction process of the search knowledge base may be as follows: first, the
customer service scene can be divided into multiple domains based on dimensions
such as the user entry, user source, product, and function, and the division principles
are to ensure that there is no overlap between the domains and to cover all customer
service scenes as much as possible; second, in each domain, the intentions of user

questions are enumerated, which, for example, can be roughly divided according to

18
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the types of the user questions, which also ensures that there is no overlap between the
intentions and covers all user questions within the domain as much as possible; finally,
under a given domain and intention, a large number of FAQs and their corresponding
answers are summarized to cover all questions raised by users as much as possible,
and to finally form a cascade search knowledge base of domain-intention-FAQ answer
pairs. For example, the FAQ “How to make a repayment” can correspond to the FAQ
under the repayment manner question intention in the financial domain in the search
knowledge base. The cascade search knowledge base can improve the matching

accuracy.

In the present exemplary embodiment, a session corpus may be used as a training
sample, and one training sample may include multiple text sentences and image
information. Based on this multi-dimensional search knowledge base, sample labels
also include labels under various dimensions, that is, one dimension corresponds to
one label, and each sample can have a domain label, an intention label, and a
question-answer pair label. The samples can be input into models to fine-tune
parameters of the pre-trained models (first encoding model, second encoding model
and third encoding model) and to train the untrained models (feature fusion model and
session matching model), wherein the image information in the samples is input into
the multi-modal semantic representation model, and the text information in the
samples is input into the third encoding model. A loss function is calculated by the
output and label of the prediction head corresponding to each dimension, and the
models are trained by minimizing the loss function. The loss function here may be a
cross entropy loss function. After the model training is completed, it can be used for

an online session response.

In Step S130, semantic representation of a corresponding modality is performed on

the second modal information to obtain a second representation vector.

19
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In the present exemplary embodiment, semantic encoding can be performed on the
second modal information by a semantic encoding model to obtain a second
representation vector. The semantic encoding model is obtained by training the
pre-trained third encoding model, that is, after the above-mentioned model is trained
as a whole. The third encoding model may be a Bert model or other text semantic

representation models, which are not limited in the present embodiment.

In Step S140, the first representation vector, the second representation vector and the
corresponding session time sequence are input into a session matching model,

respectively, to obtain a matching result.

In the present exemplary embodiment, the session matching model may comprise a
context representation model and a plurality of prediction heads, wherein one
prediction head corresponds to one dimension in the search knowledge base, that is,
one dimension has one prediction head, for predicting the dimension information of
the session. The context representation model may be a context semantic
understanding model, such as a transformer model. The prediction head may be

various classifiers, and may be a fully connected network here.

Exemplarily, perform, by the context representation model, feature encoding based on
a multi-head attention mechanism on the first representation vector, the second
representation vector and the corresponding session time sequence to obtain a third
representation vector; and input the third representation vector into each of the

prediction heads to obtain a matching result corresponding to each dimension.

In the present exemplary embodiment, the transformer model (context representation
model) can be used to perform feature encoding based on a multi-head attention
mechanism on the first representation vector, the second representation vector and the

corresponding session time sequence (i.e., position encoding). The transformer model

20
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may include an encoder and a decoder, wherein the encoder adopts the structures of a
self-attention mechanism and a feedforward neural network, and the decoder adopts
the same structures as the encoder, the difference of which is that the decoder also has
an attention structure between the two structures to make the decoder focus on
relevant parts of the input features. The representation results output by the
transformer model are input into three prediction heads (i.e., the domain prediction
head, intention prediction head and question-answer pair prediction head),
respectively, for matching prediction in each dimension, and each prediction head

outputs a corresponding matching result.

In some embodiments, full connection processing and nonlinear activation processing
can be performed on the third representation vector, using each of the prediction heads,

to obtain a prediction probability score corresponding to each prediction head.

In the present exemplary embodiment, each prediction head may be a fully connected
layer, by which the representation result is fully connected and then mapped to a
probability of each category through a softmax activation function. Each domain or
intention or question-answer pair can correspond to a category, and the domain,
intention, question and corresponding answer involved in the session can be predicted.
Exemplarily, the prediction result with a top n (n is a positive integer) prediction
probability score in each prediction head can be selected as a corresponding matching
result. The n corresponding to different prediction heads may be the same or different,
which is not limited in the present embodiment. For example, the domain with the
highest probability score can be determined as a domain matching result, the intention
with a top 5 probability score can be determined as an intention matching result, and
the question and the corresponding answer with a top 20 probability score can be

determined as a question-answer pair matching result.

In Step S150, the multi-modal session information is responded to according to the
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matching result.

In the present exemplary embodiment, the matching result can be used as response
content to respond to the multi-modal session information, or part of the content can
be selected from the matching result to respond thereto, which is not limited in the

present embodiment.

In some embodiments, a keyword library can also be constructed to perform answer
prediction together with the matching result. A keyword library for the domain and
intention can be constructed on the basis of the search knowledge base, i.e.,
constructing a corresponding keyword library based on knowledge information of the
domain dimension and intention dimension of the search knowledge base, for
performing field matching with text in the user question text or image and assisting in
the domain and intention prediction. Since the information content of keywords is
relatively limited, only coarse-grained judgment such as the domain or intention can
be made, which can be fused with the matching result of the above-mentioned

multi-modal model to improve the accuracy of the response.

On this basis, referring to FIG. 5, keyword matching can be performed on the text
content and the second modal information, respectively, in a domain keyword library;
keyword matching can be performed on the text content and the second modal
information, respectively, in an intention keyword library. If the text content and the
second modal information appear in the domain keyword library or the intention

keyword library, it is considered a hit, and the hit domain and intention are output.

In some embodiments, based on keyword matching, the matching results output by
the model can be rearranged to improve the accuracy of the response, which may
specifically include the following steps:

rearranging, according to the matching result of each prediction head and the keyword
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matching results, matching results of the prediction head corresponding to the
question-answer pair dimension to obtain a rearrangement score; and using a
question-answer pair with the rearrangement score greater than a preset threshold as

the response content for a session response.

In the present exemplary embodiment, each matched question-answer pair can be
weighted according to the matching result of each prediction head and the keyword
matching results to obtain a weighted rearrangement score, and the question-answer
pair with the rearrangement score greater than a preset threshold can be used as the

response content. The preset threshold can be set according to actual conditions.

Exemplarily, for each matched FAQ output by the model, the rearrangement score is
calculated as follows: FAQ rearrangement score = model predicted FAQ score +
k1*model predicted score for the corresponding domain of the FAQ + k2*model
predicted score for the corresponding intention of the FAQ + k3*(flag_keyword),
wherein k1, k2 and k3 represent weight coefficients corresponding to the three parts,
respectively, flag keyword, which is a Boolean variable, indicates whether the

keywords are successfully matched, and if so, its value is 1, otherwise it is 0.

For example, the session response method of the present disclosure, of which the
implementation process is shown in FIG. 6, can be implemented based on a session
response model that may include a multi-modal representation model, a semantic
encoding model, a context representation model, and multiple prediction heads
(domain prediction head, intention prediction head, and question-answer pair

prediction head), and can be specifically implemented by the following steps:

A first step: acquiring a business corpus, and constructing a search knowledge base
and a keyword library (domain keyword library and intention keyword library).

A second step: constructing a training sample based on the business corpus and the
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search knowledge base, and training the session response model using the training
sample, which mainly includes pre-training (contrastive training) of the first encoding
model and the second encoding model in the multi-modal representation model and
training of the entire session response model.

A third step: inputting, by the user, question-related content, which may include texts
(such as text 1, text 2 and text 3) and images (image 1 and image 2), and acquiring, by
the session response system, multi-modal session information arranged according to a
session time sequence.

A fourth step: performing, by the multi-modal representation model, fusion
representation on multiple modalities in the first modal information (such as image 1
and image 2) in the multi-modal session information to obtain a first representation
vector (image 1 representation and image 2 representation).

A fifth step: performing, by the semantic encoding model, semantic representation on
the second modal information (such as text 1, text 2 and text 3) in the multi-modal
session information to obtain a second representation vector (text 1 representation,
text 2 representation, and text 3 representation).

A sixth step: performing, by the context representation model, feature encoding based
on a multi-head attention mechanism on the first representation vector, the second
representation vector and the corresponding session time sequence (session time
sequence encoding) to obtain a third representation vector.

A seventh step: inputting the third representation vector into the domain prediction
head, the intention prediction head and the question-answer pair prediction head,
respectively, to obtain a predicted domain, a predicted intention and a predicted
question-answer pair.

An eighth step: performing keyword matching on the text content in the first modal
information and the second modal information, respectively, in a domain keyword
library; performing keyword matching on the text content in the first modal
information and the second modal information, respectively, in an intention keyword

library.
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A ninth step: rearranging, according to the matching result of each prediction head
and the keyword matching results, matching results of the prediction head
corresponding to the question-answer pair dimension to obtain a rearrangement score.

A tenth step: using a question-answer pair with the rearrangement score greater than a

preset threshold as the response content for a session response.

During the session response process in the above embodiments, the training of the
entire model is mainly for models that have not been pre-trained, such as the feature
fusion model, the context representation model and the plurality of prediction heads,

and other pre-trained models are only subjected to parameter fine-tuning.

The existing intelligent customer service technology, which is mainly based on natural
language processing technology, can understand text-based user input (such as input
text or input voice converted into text) better and output corresponding answers.
However, with the development of intelligent customer service technology and the
diversification of user needs, in most current intelligent customer service scenes, users
can input images more conveniently, supplemented by text, to describe problems and
needs more accurately. In other words, the user input modality has changed from a
single text modality to multimodal information of text/audio and images, which brings
a huge challenge to the intelligent customer service technology based on natural
language processing. When encountering image information, related technologies are
often unable to understand and judge it correctly. Moreover, ignoring images in the
session will result in an inability to correctly and completely understand the user’s
previous context and intention, and will easily lead to answers that do not meet the
current context and user needs, resulting in reduced response accuracy and user

experience.

In response to the problems faced by the user’s multi-modal input (text + image), the

present disclosure designs a search-based intelligent customer service response
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method based on a image-text multi-modal model, which fuses multiple modal
information in the image information by a multi-modal representation model, and also
fuses position coordinate information of the image and text, thereby enhancing the
model’s ability to recognize the text structure and the overall page layout. In
combination with the semantic encoding model and the context representation model,
it can simultaneously process text and image modality information input by the user,
accurately understand the context and user intention by a plurality of prediction heads,
i.e., the intention/domain to which the user’s current question belongs, and filter out
answers that meet the current context and user needs within this intention/domain,
thereby improving the response accuracy and user experience significantly and

responding to diversified intelligent customer service scenes better.

By constructing a cascade search knowledge base, the present disclosure can
understand and match the session semantics layer by layer from coarse to fine, and
improve the accuracy of model prediction. Based on the model prediction in
combination with keyword library matching, the present disclosure increases the

accuracy of the response result to the question-answer pair granularity.

Further, in the present exemplary embodiment, a session response apparatus 700 is
also provided. The session response apparatus 700 can be applied to a server. As
shown in FIG. 7, the session response apparatus 700 may comprise: an acquisition
module 710, a first representation module 720, a second representation module 730, a
session matching module 740, and a response module 750, wherein: the acquisition
module 710 is configured to acquire multi-modal session information arranged
according to a session time sequence, wherein the multi-modal session information
includes first modal information and second modal information; the first
representation module 720 is configured to perform multi-modal semantic
representation on at least two modal features in the first modal information to obtain a

first representation vector; the second representation module 730 is configured to
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perform semantic representation of a corresponding modality on the second modal
information to obtain a second representation vector; the session matching module
740 is configured to input the first representation vector, the second representation
vector and the corresponding session time sequence into a session matching model,
respectively, to obtain a matching result; and the response module 750 is configured

to respond to the multi-modal session information according to the matching result.

In an exemplary embodiment of the present disclosure, the first representation module
720 comprises: an extraction submodule configured to extract text content and text
position information in the first modal information; a patch submodule configured to
divide the first modal information into patchs to obtain patch information and patch
position coordinates; a vectorization submodule configured to perform vectorization
representation on the text content, the text position information, the patch information,
and the patch position coordinates, respectively; and a semantic representation
submodule configured to perform multi-modal semantic representation on the
vectorization representation result by a multi-modal semantic representation model to

obtain a first representation vector.

In an exemplary embodiment of the present disclosure, the vectorization submodule is
also configured to: perform embedded mapping on the text content, the text position
information and the patch position coordinates, respectively; and perform linear

mapping on the patch information.

In an exemplary embodiment of the present disclosure, the multi-modal semantic
representation model includes a first encoding model, a second encoding model and a
feature fusion model, and the semantic representation submodule is also configured to:
perform, by the first encoding model, encoding processing on a vector representation
result of the patch information and a vector representation result of the patch position

coordinates, respectively, to obtain a first encoding vector; perform, by the second
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encoding model, encoding processing on vector representation of the text content and
vector representation of the text position information, respectively, to obtain a second
encoding vector; and perform, by the feature fusion model, feature fusion on a
concatenated vector of the first encoding vector and the second encoding vector to
obtain the first representation vector, wherein the first encoding model and the second

encoding model are obtained based on a pre-training process of contrastive learning.

In an exemplary embodiment of the present disclosure, the apparatus 700 further
comprises a first training module, which is configured to: acquire a business corpus of
a target business, the business corpus including at least two first modal corpora; take
an image feature and a text feature of one of the first modal corpora as positive
examples, and take an image feature of one of the first modal corpora and a text
feature of another of the first modal corpora as negative examples, to construct a first
training sample; and perform, using the first training sample, contrastive learning
training on the first encoding model and the second encoding model to obtain a

pre-trained multi-modal encoding model.

In an exemplary embodiment of the present disclosure, the first training module is
also configured to: input image features corresponding to the positive examples and
negative examples in the first training sample into the first encoding model, and
output an image representation vector; input text features corresponding to the
positive examples and negative examples in the first training sample into the second
encoding model, and output a text representation vector; calculate a contrastive loss
based on the image representation vector and the text representation vector; and train
the first encoding model and the second encoding model, according to the contrastive

loss, to obtain a pre-trained multi-modal encoding model.

In an exemplary embodiment of the present disclosure, the second representation

module 730 is also configured to: perform semantic encoding on the second modal
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information by a semantic encoding model to obtain a second representation vector,
wherein the semantic encoding model is obtained by training a pre-trained third

encoding model.

In an exemplary embodiment of the present disclosure, the apparatus 700 further
comprises a second training module, which is configured to: take various multi-modal
session corpora in the business corpus as a second training sample; retrieve a label of
the second training sample in a search knowledge base, wherein the search knowledge
base, which is constructed based on the business corpus, includes a domain dimension,
an intention dimension within the domain, and a question-answer pair dimension
under the intention, and the label includes labels under various dimensions; and train,
using the second training sample and the corresponding label, the pre-trained first
encoding model, second encoding model and third encoding model, the feature fusion

model, and the session matching model, respectively.

In an exemplary embodiment of the present disclosure, the session matching model
comprises a context representation model and a plurality of prediction heads, one
prediction head corresponding to one dimension in the search knowledge base, and
the session matching module 740 is also configured to: perform, by the context
representation model, feature encoding based on a multi-head attention mechanism on
the first representation vector, the second representation vector and the corresponding
session time sequence to obtain a third representation vector; and input the third
representation vector into each of the prediction heads to obtain a matching result

corresponding to each dimension.

In an exemplary embodiment of the present disclosure, the session matching module
740 is also configured to: perform, using each of the prediction heads, full connection
processing and nonlinear activation processing on the third representation vector to

obtain a prediction probability score corresponding to each prediction head; and
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determine a prediction result with a top n prediction probability score in each

prediction head as the matching result, where n is a positive integer.

In an exemplary embodiment of the present disclosure, the apparatus 700 further
comprises a keyword matching module, which is configured to: perform keyword
matching on the text content and the second modal information, respectively, in a
domain keyword library; and perform keyword matching on the text content and the
second modal information, respectively, in an intention keyword library, wherein the
domain keyword library and the intention keyword library are respectively
constructed based on knowledge information of the corresponding dimensions of the
search knowledge base. The response module 750 is also configured to: rearrange,
according to the matching result of each prediction head and the keyword matching
results, matching results of the prediction head corresponding to the question-answer
pair dimension to obtain a rearrangement score; and use a question-answer pair with
the rearrangement score greater than a preset threshold as the response content for a

session response.

The specific details of various modules or units in the above-mentioned session
response apparatus have been described in detail in the corresponding session

response method, so they are no longer repeated here.

As another aspect, the present disclosure also provides a computer-readable medium,
which may be included in the electronic device described in the above embodiments,
or may exist alone without being assembled into the electronic device. The above
computer-readable medium carries one or more programs that, when executed by the
electronic device, cause the electronic device to implement the method in the
following embodiments. For example, the electronic device can implement the

various steps shown in FIGs. 1 to 3 and FIGs. 5 to 6.

30



10

15

20

25

It should be noted that the computer-readable medium shown in the present disclosure
may be a computer-readable signal medium or a computer-readable storage medium
or any combination of the two. The computer-readable storage medium may be, for
example--but not limited to--an electrical, magnetic, optical, electromagnetic, infrared,
or semiconductor system, apparatus or device, or any combination of the foregoing.
More specific examples of the computer-readable storage medium may include, but
are not limited to, an electrical connection having one or more conductors, a portable
computer disk, a hard disk, a random access memory (RAM), a read-only memory
(ROM), an erasable programmable read-only memory (EPROM or flash memory), an
optical fiber, a portable compact disk read-only memory (CD-ROM), an optical
storage device, a magnetic storage device, or any suitable combination of the
foregoing. In the present disclosure, the computer-readable storage medium may be
any tangible medium that contains or stores a program, which can be used by or in
conjunction with an instruction execution system, apparatus or device. Moreover, in
the present disclosure, the computer-readable signal medium may include a data
signal propagated in a baseband or as part of a carrier wave, in which a
computer-readable program code is carried. Such a propagated data signal may take a
variety of forms, including but not limited to an electromagnetic signal, an optical
signal, or any suitable combination of the foregoing. The computer-readable signal
medium, which may also be any computer-readable medium other than the
computer-readable storage medium, can send, propagate or transport a program for
use by or in conjunction with an instruction execution system, apparatus or device.
The program code contained on the computer-readable medium may be transmitted by
any appropriate medium, including but not limited to: wireless, a wire, an optical

cable, an RF and the like, or any suitable combination of the foregoing.

An electronic device 800 according to such an embodiment of the present disclosure
is described below with reference to FIG. 8. The electronic device 800 shown in FIG.

8, which is merely an example, should not bring any limitations to the functions and
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use scopes of the embodiments of the present disclosure.

As shown in FIG. 8, the electronic device 800 is in the form of a general-purpose
computing device. The components of the electronic device 800 may include, but are
not limited to: the at least one processing unit 810 mentioned above, the at least one
storage unit 820 mentioned above, a bus 830 connecting different system components

(including the storage unit 820 and the processing unit 810), and a display unit 840.

The storage unit stores a program code, which can be executed by the processing unit
810, so that the processing unit 810 executes the steps according to various exemplary
embodiments of the present disclosure as described in the above “exemplary method”

of the present Description.

The storage unit 820 may include a readable medium in the form of a volatile storage
unit, such as a random access memory unit (RAM) 8201 and/or a cache memory unit

8202, and may also further include a read-only memory unit (ROM) 8203.

The storage unit 820 may also include a program/utility 8204 having a set of (at least
one) program modules 8205, and such program modules 8205 include, but are not
limited to: an operating system, one or more application programs, other program
modules, and program data, each or some combination of which may include the

implementation of a network environment.

The bus 830 may represent one or more of several types of bus structures, including a
memory unit bus or memory unit controller, a peripheral bus, an accelerated graphics

port, a processing unit, or a local bus using any of a variety of bus structures.

The electronic device 800 can also communicate with one or more external devices

870 (e.g., keyboards, pointing devices, Bluetooth devices, etc.), with one or more
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devices that enable the user to interact with the electronic device 800, and/or with any
devices (e.g., routers, modems, etc.) that enable the electronic device 800 to
communicate with one or more other computing devices. Such communications may
occur via an input/output (I/O) interface 850. In addition, the electronic device 800
can also communicate with one or more networks (e.g., a local area network (LAN), a
wide area network (WAN), and/or a public network, such as the Internet) via a
network adapter 860. As shown in the figure, the network adapter 860 communicates
with other modules of the electronic device 800 via the bus 830. It should be
understood that, although not shown in the figure, other hardware and/or software
modules can be used in conjunction with the electronic device 800, including but not
limited to: microcode, device drivers, redundant processing units, external disk drive

arrays, RA identification systems, tape drives, and data backup storage systems.

Through the description of the above embodiments, those skilled in the art can easily
understand that the exemplary embodiments described here can be implemented by
software, or by software in combination with necessary hardware. Therefore, the
technical solutions according to the embodiments of the present disclosure can be
embodied in the form of a software product, which can be stored in a non-volatile
storage medium (which may be a CD-ROM, a USB flash drive, a mobile hard disk, or
the like) or on a network, and includes a number of instructions to enable a computing
device (which may be a personal computer, a server, a terminal device, a network
device, or the like) to execute the method according to the embodiments of the present

disclosure.

Moreover, the above figures are merely schematic illustrations of the processes
included in the method according to the exemplary embodiments of the present
disclosure, and are not intended for limiting purposes. It is easy to understand that the
processes shown in the above figures do not indicate or limit the time sequence of

these processes. In addition, it is also easy to understand that these processes can be
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executed synchronously or asynchronously in multiple modules, for example.

It should be noted that although the various steps of the method in the present
disclosure are described in a particular order in the figures, this does not require or
imply that the steps must be performed in this particular order, or that all the steps
shown must be performed to achieve the desired results. Additionally or alternatively,
some steps may be omitted, multiple steps may be combined into one step for
execution, and/or one step may be decomposed into multiple steps for execution, etc.,

all of which should be considered as part of the present disclosure.

It should be understood that the present disclosure disclosed and defined in the present
Description extends to all alternative combinations of two or more individual features
mentioned or evident from the text and/or figures. All of these different combinations
constitute various alternative aspects of the present disclosure. The embodiments of
the present Description illustrate the best mode known for carrying out the present

disclosure and will enable those skilled in the art to utilize the present disclosure.
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CLAIMS

1. A session response method, comprising:

acquiring multi-modal session information arranged according to a session time
sequence, wherein the multi-modal session information includes first modal
information and second modal information;

performing multi-modal semantic representation on at least two modal features in the
first modal information to obtain a first representation vector;

performing semantic representation of a corresponding modality on the second modal
information to obtain a second representation vector;

inputting the first representation vector, the second representation vector and the
corresponding session time sequence into a session matching model, respectively, to
obtain a matching result; and

responding to the multi-modal session information according to the matching result.

2. The session response method according to claim 1, wherein performing
multi-modal semantic representation on at least two modal features in the first modal
information comprises:

extracting text content and text position information from the first modal information;
dividing the first modal information into patchs to obtain patch information and patch
position coordinates;

performing vectorization representation on the text content, the text position
information, the patch information and the patch position coordinates, respectively;
and

performing multi-modal semantic representation on a vectorization representation
result by a multi-modal semantic representation model to obtain the first

representation vector.

3. The session response method according to claim 2, wherein performing
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vectorization representation on the text content, the text position information, the
patch information and the patch position coordinates, respectively, comprises:
performing embedded mapping on the text content, the text position information and
the patch position coordinates, respectively; and

performing linear mapping on the patch information.

4. The session response method according to claim 2 or 3, wherein the multi-modal
semantic representation model includes a first encoding model, a second encoding
model and a feature fusion model, and performing multi-modal semantic
representation on a vectorization representation result comprises:

performing, by the first encoding model, encoding processing on a vector
representation result of the patch information and a vector representation result of the
patch position coordinates, respectively, to obtain a first encoding vector;

performing, by the second encoding model, encoding processing on vector
representation of the text content and vector representation of the text position
information, respectively, to obtain a second encoding vector; and

performing, by the feature fusion model, feature fusion on a concatenated vector of
the first encoding vector and the second encoding vector to obtain the first
representation vector,

wherein the first encoding model and the second encoding model are obtained based

on a pre-training process of contrastive learning.

5. The session response method according to claim 4, wherein the method further
comprises:

acquiring a business corpus of a target business, the business corpus including at least
two first modal corpora;

taking an image feature and a text feature of one of the first modal corpora as positive
examples, and taking an image feature of one of the first modal corpora and a text

feature of another of the first modal corpora as negative examples, to construct a first

36



10

15

20

25

training sample; and
performing, using the first training sample, contrastive learning training on the first
encoding model and the second encoding model to obtain a pre-trained multi-modal

encoding model.

6. The session response method according to claim 5, wherein performing, using the
first training sample, contrastive learning training on the first encoding model and the
second encoding model comprises:

inputting image features corresponding to the positive examples and negative
examples in the first training sample into the first encoding model, and outputting an
image representation vector; inputting text features corresponding to the positive
examples and negative examples in the first training sample into the second encoding
model, and outputting a text representation vector;

calculating a contrastive loss based on the image representation vector and the text
representation vector; and

training the first encoding model and the second encoding model, according to the

contrastive loss, to obtain a pre-trained multi-modal encoding model.

7. The session response method according to claim 1, wherein performing semantic
representation of a corresponding modality on the second modal information
comprises:

performing semantic encoding on the second modal information by a semantic
encoding model to obtain the second representation vector, wherein the semantic

encoding model is obtained by training a pre-trained third encoding model.

8. The session response method according to claim 5, wherein the method further
comprises:
taking various multi-modal session corpora in the business corpus as a second training

sample;
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retrieving a label of the second training sample in a search knowledge base, wherein
the search knowledge base, which is constructed based on the business corpus,
includes a domain dimension, an intention dimension within the domain, and a
question-answer pair dimension under the intention, and the label includes labels
under various dimensions; and

training, using the second training sample and the corresponding label, the pre-trained
first encoding model, second encoding model and third encoding model, the feature

fusion model, and the session matching model, respectively.

9. The session response method according to claim 8, wherein the session matching
model comprises a context representation model and a plurality of prediction heads,
one prediction head corresponding to one dimension in the search knowledge base,
and to obtain a matching result comprises:

performing, by the context representation model, feature encoding based on a
multi-head attention mechanism on the first representation vector, the second
representation vector and the corresponding session time sequence to obtain a third
representation vector; and

inputting the third representation vector into each of the prediction heads to obtain a

matching result corresponding to each dimension.

10. The session response method according to claim 9, wherein to obtain a matching
result corresponding to each dimension comprises:

performing, using each of the prediction heads, full connection processing and
nonlinear activation processing on the third representation vector to obtain a
prediction probability score corresponding to each prediction head; and

determining a prediction result with a top n prediction probability score in each

prediction head as the matching result, where n is a positive integer.

11. The session response method according to claim 9 or 10, wherein the method

38



10

15

20

25

further comprises:

performing keyword matching on the text content and the second modal information,
respectively, in a domain keyword library; and

performing keyword matching on the text content and the second modal information,
respectively, in an intention keyword library,

wherein the domain keyword library and the intention keyword library are
respectively constructed based on knowledge information of the corresponding
dimensions of the search knowledge base; and

responding to the multi-modal session information according to the matching result
comprises:

rearranging, according to the matching result of each prediction head and the keyword
matching results, matching results of the prediction head corresponding to the
question-answer pair dimension to obtain a rearrangement score; and

using a question-answer pair with the rearrangement score greater than a preset

threshold as the response content for a session response.

12. A session response apparatus, the apparatus comprising:

an acquisition module configured to acquire multi-modal session information
arranged according to a session time sequence, wherein the multi-modal session
information includes first modal information and second modal information;

a first representation module configured to perform multi-modal semantic
representation on at least two modal features in the first modal information to obtain a
first representation vector;

a second representation module configured to perform semantic representation of a
corresponding modality on the second modal information to obtain a second
representation vector;

a session matching module configured to input the first representation vector, the
second representation vector and the corresponding session time sequence into a

session matching model, respectively, to obtain a matching result; and
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a response module configured to respond to the multi-modal session information

according to the matching result.

13. An electronic device, comprising:

one or more processors; and

a storage device for storing one or more programs that, when executed by the one or
more processors, cause the one or more processors to implement the method

according to any one of claims 1 to 11.
14. A computer-readable storage medium having a computer program stored thereon

that, when executed by a processor, implements the method according to any one of

claims 1 to 11.
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