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METHOD AND APPARATUS FOR TRAINING
RELATIONSHIP RECOGNITION MODEL AND METHOD
AND APPARATUS FOR ANALYZING IMAGE

TECHNICAL FIELD

[0001]  One or more implementations of the present specification relate to image
data processing in artificial intelligence, and in particular, to a method and an
apparatus for training a relationship recognition model and a method and an apparatus

for analyzing an image based on the relationship recognition model.

BACKGROUND

[0002] Image recognition and analysis have been widely used in various technical
scenarios. For better understanding of semantic information in an image, some
technical solutions have been proposed to further recognize a relationship between
objects in the image in addition to recognizing the objects, to better interpret the
content of the image. This is also called scene graph generation. The task of scene
graph generation is to detect classes of all objects in a given image and a pairwise
relationship between the objects and further organize semantic graph structure data
that can highly summarize visual information in the image by using the detected
objects as nodes and the pairwise relationship between the objects as an edge.

[0003]  Scene graph generation is a midstream computer vision task that connects
object recognition tasks at the bottom layer, for example, target detection and
semantic recognition and high-level visual-semantic tasks, for example, visual
question answering and image description. Therefore, the task of scene graph
generation has an important connection function, organically combines image
detection with image understanding, and is an important aid for achieving higher-level
image understanding.

[0004]  Therefore, an improved solution is desired to improve the accuracy of

object relationship recognition in a scene graph.
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SUMMARY

[0005] In view of the above problems, the present specification provides a method
for training a relationship recognition model, a method for analyzing an image, and
corresponding apparatuses to improve the accuracy of object relationship recognition.
[0006]  According to a first aspect, a method for training a relationship recognition
model is provided. The relationship recognition model includes an encoder network
and a classification network, the encoder network is used to recognize and encode a
plurality of objects included in an image, the classification network is used to
recognize a relationship class between the plurality of objects from a predetermined
relationship class set, and the method includes: dividing the relationship class set into
K groups, and correspondingly setting K classifiers to form the classification network,
where classification space of a first classifier in the K classifiers corresponds to
relationship classes in a first group, and a kth classification space corresponding to a
subsequent kth classifier includes classification space corresponding to a previous
classifier of the kth classifier and relationship classes in a kth group; sampling a full
set of image samples for the K classifiers to obtain K sample subsets respectively;
inputting a sample image in each sample subset of the K subsets to a corresponding
classifier by using the encoder network to obtain a relationship class prediction result
between objects in the sample image; determining a first loss based on classification
losses of the K classifiers, a classification loss of a classifier of the K classifiers being
determined based on a relationship class prediction result obtained by the classifier
and a corresponding class label; determining a second loss based on a similarity
between relationship class prediction results of different classifiers in the K classifiers
for a same pair of objects; and determining a total prediction loss based on the first
loss and the second loss, and updating the encoder network and the K classifiers based
on the total prediction loss.

[0007]  According to a second aspect, a method for analyzing an image is provided.
The method includes: obtaining a relationship recognition model trained according to
the method of the first aspect, where the relationship recognition model includes an
encoder network and a classification network, and the classification network includes
K classifiers; and inputting a target image to be recognized to the Kth classifier by
using the encoder network, and predicting a relationship class between a plurality of

objects included in the target image.
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[0008]  According to a third aspect, a method for analyzing an image by using a
relationship recognition model is provided. The relationship recognition model
includes an encoder network and a classification network, the encoder network
includes a detection sub-network and a first encoder, and the method includes:
inputting a target image to the detection sub-network to obtain image features, frame
information, and initial object classes of some objects included in the target image;
performing an attention-based encoding operation based on the image features, the
frame information, and the initial object classes by using the first encoder, to obtain
encoded features of the objects; and inputting the encoded features of the objects to
the classification network to recognize a relationship class between the objects, where
the first encoder includes some hybrid attention layers, each hybrid attention layer
includes a self-attention module and a cross-attention module disposed for each of
two types of features, and the attention-based encoding operation includes the
following operations in a single hybrid attention layer: performing a self-attention-
based transformation on either one of the two types of features that are inputted by
using a self-attention module corresponding to the either one type of feature, to obtain
a first transformed feature; performing a composite transformation on the two types of
features based on attention of another one of the two types of features relative to the
one type of feature by using a cross-attention module corresponding to the one type of
feature, to obtain a second transformed feature; and combining the first transformed
feature and the second transformed feature as an output of the one type of feature,
where two types of features input to the first encoder include a first type of feature
obtained based on the image features and the frame information of the first objects
and a second type of feature obtained based on the initial object classes of the first
objects.

[0009]  According to a fourth aspect, a method for analyzing an image by using a
relationship recognition model is provided. The relationship recognition model
includes an encoder network and a classification network, the encoder network
includes a detection sub-network, a first encoder, a first decoder, and a second
encoder, and the method includes: inputting a target image to the detection sub-
network to obtain image features, frame information, and initial object classes of
some objects included in the target image; performing an attention-based encoding
operation based on the image features, the frame information, and the initial object

classes of the objects by using the first encoder, to obtain first encoded features of the
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objects; obtaining corrected object classes of the objects based on the first encoded
features of the objects by using the first decoder; performing an attention-based
encoding operation based on the image features, the first encoded features, and the
corrected object classes of the objects by using the second encoder, to obtain second
encoded features of the objects; and inputting the second encoded features of the
objects to the classification network to recognize a relationship class between the
objects, where one or more of the first encoder or the second encoder include some
hybrid attention layers, each hybrid attention layer includes a self-attention module
and a cross-attention module disposed for each of two types of features, and the
attention-based encoding operation includes the following operations in a single
hybrid attention layer: performing a self-attention-based transformation on either one
of the two types of features that are inputted by using a self-attention module
corresponding to the either one type of feature, to obtain a first transformed feature;
performing a composite transformation on the two types of features based on attention
of another one of the two types of features relative to the one type of feature by using
a cross-attention module corresponding to the one type of feature, to obtain a second
transformed feature; and combining the first transformed feature and the second
transformed feature as an output of the one type of feature, where two types of
features input to the first encoder include a first type of feature obtained based on the
image features and the frame information of the first objects and a second type of
feature obtained based on the initial object classes of the first objects; and two types
of features input to the second encoder include a first type of feature obtained based
on the image features and the first encoded features of the first objects and a second
type of feature obtained based on the corrected object classes of the first objects.

[0010]  According to a fifth aspect, an apparatus for training a relationship
recognition model is provided. The relationship recognition model includes an
encoder network and a classification network, the encoder network is used to
recognize and encode a plurality of objects included in an image, the classification
network is used to recognize a relationship class between the plurality of objects from
a predetermined relationship class set, and the apparatus includes: a grouping and
setting unit, configured to divide the relationship class set into K groups, and
correspondingly set K classifiers to form the classification network, where
classification space of a first classifier in the K classifiers corresponds to relationship

classes in a first group, and a kth classification space corresponding to a subsequent
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kth classifier includes classification space corresponding to a previous classifier of the
kth classifier and relationship classes in a kth group; a sampling unit, configured to
sample a full set of image samples for the K classifiers to obtain K sample subsets
respectively; a predicting unit, configured to input a sample image in each sample
subset of the K subsets to a corresponding classifier by using the encoder network to
obtain a relationship class prediction result between objects in the sample image; a
first loss determining unit, configured to determine a first loss based on classification
losses of the K classifiers, where a classification loss of a classifier of the K classifiers
is determined based on a relationship class prediction result obtained by the classifier
and a corresponding class label; a second loss determining unit, configured to
determine a second loss based on a similarity between relationship class prediction
results of different classifiers in the K classifiers for a same pair of objects; and an
updating unit, configured to determine a total prediction loss based on the first loss
and the second loss, and update the encoder network and the K classifiers based on
the total prediction loss.

[0011]  According to a sixth aspect, a computer-readable storage medium is
provided. The computer-readable storage medium stores a computer program, and
when the computer program is executed on a computer, the computer is enabled to
perform the method according to the first aspect.

[0012]  According to a seventh aspect, a computing device is provided. The
computing device includes a memory and a processor, the memory stores executable
code, and the processor implements the method according to the first aspect when
executing the executable code.

[0013] In the implementations of the present specification, in a process of training
a relationship recognition model, a training data set is divided into a plurality of
subsets distributed in balance, and a plurality of classifiers are introduced to
respectively learn the plurality of balanced subsets. Then the plurality of classifiers
are collaboratively trained by performing knowledge accumulation and transfer in
these classifiers, to facilitate final unbiased relationship prediction. In addition, a
hybrid attention layer is introduced in an encoder network of the relationship
recognition model, so that a visual feature and a text feature are better fused, a feature
representation capability is improved, and relationship recognition performance is

improved.
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BRIEF DESCRIPTION OF DRAWINGS

[0014]  To describe the technical solutions in the implementations of the present
invention more clearly, the following briefly describes accompanying drawings
required for describing the implementations. Clearly, the accompanying drawings in
the following descriptions show merely some implementations of the present
invention, and a person of ordinary skill in the art can still derive other accompanying
drawings from these accompanying drawings without making innovative efforts.
[0015]  FIG. 1 illustrates a schematic process of scene graph generation;

[0016] FIG. 2 illustrates an overall architecture of a relationship recognition
model according to an implementation;

[0017]  FIG. 3 illustrates distribution of relationship classes in a typical training
data set;

[0018] FIG. 4 is a flowchart illustrating a method for training a relationship
recognition model according to an implementation;

[0019]  FIG. 5illustrates K relationship class groups formed in an implementation;
[0020] FIG. 6 is a schematic diagram illustrating a structure and a processing
process of a relationship recognition model according to an implementation;

[0021] FIG. 7 is a schematic diagram illustrating a processing process of a hybrid
attention layer; and

[0022] FIG. 8 illustrates an apparatus for training a relationship recognition model

according to an implementation.

DESCRIPTION OF IMPLEMENTATIONS

[0023]  The following describes the solutions provided in the present specification
with reference to the accompanying drawings.

[0024] FIG. 1 illustrates a schematic process of scene graph generation. As shown
in the figure, given an image, the task of scene graph generation includes the
following: First, all objects in the image are detected, and classes of the objects are
recognized. As shown in the figure, on the left of the figure, each frame encloses one
object, and a class of the object is labelled. For example, the object class is dog, ear,
or nose. Then a relationship between the objects is recognized, and a scene graph on

the right is generated by using the detected objects as nodes and the relationship
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between the objects as an edge. It can be seen that in the scene graph, the nodes
include previously labelled objects, for example, dog, ear, and nose, and edges
between the nodes represent relationships between the objects in the figure, for
example, "lying on" and "has". For example, the relationship between the object "dog"
and the object "bed" is "lying on", and the relationship between the object "dog" and
the object "ear™ is "has".

[0025] It can be understood that the core of the above scene graph generation
process is recognition of relationships between objects, which is essentially a
classification process. Therefore, a relationship recognition model can be constructed
based on classification of relationship classes between objects.

[0026]  FIG. 2 illustrates an overall architecture of a relationship recognition
model according to an implementation. As shown in FIG. 2, the relationship
recognition model can include an encoder network 100 and a classification network
200. The encoder network 100 is used to recognize and encode a plurality of objects
included in an image to obtain encoded features of the objects. The classification
network 200 recognizes a relationship class between the objects from a total
relationship class set based on at least the encoded features of the objects. Such a
relationship recognition model needs to be trained by using a training data set
including images with labels that include not only labels of object classes but also
labels of relationship classes between objects.

[0027]  The inventors have found that in the training data set for training the
relationship recognition model, a distribution deviation of relationship classes
between objects is very large, and the long tail effect of distribution is serious. FIG. 3
illustrates distribution of relationship classes in a typical training data set. As shown
in FIG. 3, a small number of head relationship classes occupy most of training
samples. For example, "on™ in the first place occupies 31.56% of all training samples,
while "flying in" in the 50" place occupies only 0.005%. This may lead to a serious
shift towards the head classes in the convergence process of the model during training.
Consequently, prediction results can only cover the limited head relationship classes,
but ignores a large number of tail relationship classes. In addition, compared with the
head relationship classes (for example, on, has, and near), the tail relationship classes
(for example, riding, eating, and pulling) have a higher amount of information. The
latter is the ideal prediction result because the latter provides more valuable prior

input to an upstream visual understanding task. Therefore, the long tail effect of
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distribution of the relationship classes in the training data set brings challenges to
training of the relationship recognition model, and also affects the performance of the
trained model.

[0028]  Therefore, in the implementations of the present specification, a technical
solution of group-based co-training by using a plurality of classifiers is provided.
Based on this technical solution, a training data set is divided into a plurality of
subsets distributed in balance, and a plurality of classifiers are introduced to
respectively learn the plurality of balanced subsets. Then final unbiased relationship
prediction is collaboratively facilitated by performing knowledge accumulation and
transfer in these classifiers. An example implementation process of the technical
solution is described below.

[0029] FIG. 4 is a flowchart illustrating a method for training a relationship
recognition model according to an implementation. The method can be performed by
any computing unit, platform, server, device, etc. having computing and processing
capabilities. A structure of a relationship recognition model to be trained is shown in
FIG. 2. The relationship recognition model includes an encoder network and a
classification network, the encoder network is used to recognize and encode a
plurality of objects included in an image, and the classification network is used to
recognize a relationship class between the plurality of objects from a predetermined
relationship class set. As shown in FIG. 4, the training method can include steps
described in detail below.

[0030] First, in step 41, the relationship class set is divided into K groups, and K
classifiers are correspondingly set to form the classification network. This step is
intended to divide an unbalanced data set into a plurality of relatively balanced
relationship class groups and set a plurality of corresponding classifiers to facilitate
subsequent formation of relatively balanced training data subsets.

[0031]  As shown in FIG. 3, although a serious long tail effect occurs in overall
distribution of the relationship classes in the data set, a range in which data is
relatively balanced can be identified locally. Therefore, the total relationship class set
can be divided into the K groups by using a certain balance measure as the objective,
so that distribution of relationship classes in each group is relatively balanced.

[0032] In some implementations, to group the relationship classes, estimated
sample sizes corresponding to the relationship classes in the relationship class set are

first obtained, for example, as shown in FIG. 3. In an example, the estimated sample
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size can be obtained by collecting statistics on all relationship classes included in a
full set of image samples to be used subsequently. In an example, the estimated
sample size can be obtained from other prior distribution data.

[0033]  The relationship classes can be sorted based on the estimated sample sizes
that correspond to the relationship classes and that are obtained above. FIG. 3 is an
illustration obtained after relationship classes are sorted in descending order of
estimated sample sizes. Then the K groups are formed based on the sorting, so that a
sample size difference index between a relationship class with a largest sample size
and a relationship class with a smallest sample size in each group is less than
predetermined threshold p. The sample size difference index can be a difference value,
a difference proportion, etc. between estimated sample sizes.

[0034] In some implementation, the relationship classes can be grouped through
the following process. For example, the relationship classes can be sequentially
traversed based on a sequence of the sorted relationship classes. For a traversed
current relationship class i, it is determined whether a sample size difference index
between traversed current relationship class i and the first relationship class in formed
latest group k is less than predetermined threshold p. If the sample size difference
index is less than predetermined threshold p, it means that current relationship class i
and existing relationship classes in group k are relatively balanced. In this case,
current relationship class i can be added to group k. If the sample size difference
index between current relationship class i and the first relationship class in group k is
not less than predetermined threshold p, it means that sample sizes of current
relationship class i and the existing relationship classes in group k are no longer
balanced. In this case, group k+1 is newly generated, current relationship class i is
used as the first relationship class in newly generated group k+1, and newly generated
group k+1 is used as a formed latest group. Then the next relationship class continues
to be traversed. As such, the relationship classes are divided into corresponding
groups.

[0035] In an example, relationship classes with similar estimated sample sizes can
be grouped into one cluster by using estimated sample sizes as features in a way
similar to clustering, so that the total relationship class set is divided into the K groups.
[0036] FIG. 5 illustrates K relationship class groups formed in an implementation.
It can be seen that relationship class grouping in FIG. 5 is performed based on the

distribution of the relationship classes in FIG. 3. In FIG. 5, 50 relationship classes are
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divided into five groups. Group 1 includes four relationship classes, for example,
denoted as cl, c2, 3, and c4 (or "cl-c4"), whose estimated sample sizes are ranked
first to fourth, and group 2 includes six relationship classes, for example, denoted as
c5, ¢6, 7, ¢8, ¢9, and c10 (or "c5-c10"), whose estimated sample sizes are ranked
fifth to tenth. Other groups are shown in the figure. It can be seen that estimated
sample sizes in each group are relatively balanced. For example, in FIG. 5, the
balance index is set as follows: the sample size difference between the relationship
class with the largest sample size and the relationship class with the smallest sample
size is less than four times.

[0037]  The K classifiers are correspondingly set when the relationship class set is
divided into the K groups. The K classifiers are set through increment accumulation.
For example, classification space of a first classifier, namely, a recognized class
subset, corresponds to relationship classes in a first group. A subsequent classifier k
corresponds to a kth classification space, and the kth classification space includes
classification space corresponding to a previous classifier, namely, the (k-1)th
classifier, and relationship classes in a kth group. By analogy, classification space
corresponding to the kth classifier is the total relationship class set.

[0038]  Continuing with the example of FIG. 5, in FIG. 5, a total relationship class
set including 50 relationship classes is divided into K=5 groups, and therefore, five
classifiers are correspondingly set. Classification space of the first classifier is
relationship classes in the first group, in other words, classifier 1 is used to classify
relationship class subset cl-c4. Classification space of the second classifier is the
classification space of the first classifier and relationship classes in the second group,
in other words, classifier 2 is used to classify relationship classes cl-c4 and
relationship classes ¢5-c10, namely, relationship class subset c1-c10. By analogy, the
last classifier, classifier 5, is used to classify all of the 50 relationship classes.

[0039] When the K groups and the K classifiers are set, in step 42, a full set of
image samples is sampled for the K classifiers to obtain K sample subsets respectively.
[0040] It should be understood that because sample sizes of relationship classes in
each group are relatively balanced, performing sampling for classification space of
each classifier can make sample sizes of each sample subset for the corresponding
classification space be relatively balanced.

[0041] Further, considering that classification space of a subsequent classifier

actually includes relationship classes in a plurality of groups and that the relationship
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classes in the plurality of groups are less balanced, a certain policy can be used in the
sampling process to impose a certain constraint on the sampling process, so that
sampling distribution of any kth sample subset obtained through sampling for
relationship classes in the kth classification space satisfies a predetermined condition
related to a distribution balance. For example, the predetermined condition can
include the following: A difference index between the relationship class with the
largest number of samples and a relationship class with the smallest number of
samples is less than a certain threshold, a proportion of the number of samples of head
relationship classes to the whole sample subset does not exceed a set threshold, or
sampling distribution of relationship classes in classification space satisfies a
predetermined distribution curve.

[0042] In an implementation, a partial downsampling policy can be used to
balance sampling distribution of a classifier. For example, target value T is
determined for any kth classifier based on estimated sample sizes of relationship
classes in the kth classification space. Target value T can be an average or a median of
the estimated sample sizes of the relationship classes.

[0043] Then a sampling rate of each relationship class is determined based on
target value T. A sampling rate of a relationship class whose estimated sample size is
greater than target value T is determined to be less than 1, and a sampling rate of a
relationship class whose estimated sample size is less than or equal to target value T is
determined as 1. Then sampling is performed for each relationship class based on the
sampling rate of each relationship class. This means that downsampling is performed
for a highly quantitative relationship class whose estimated sample size is greater than
the target value, and normal sampling is performed for a relationship class whose
estimated sample size is less than or equal to the target value, to balance sampling
distribution of one classifier.

[0044] In an example, a sampling rate of any classifier k in the partial
downsampling policy can be set as follows:

T
B; = /count(c]-) ifT < count(cj) (1),
1 if T > count(cj)
where ¢; is a sampling rate of relationship class ; in classifier k, T is the target value

of the kth classification space, and count(c;) is an estimated sample size of

relationship class c;. According to equation (1), a sampling rate of a relationship class
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whose estimated sample size is greater than target value T (T < count(c;)) can be set
to a ratio of target value T to an estimated sample size of the relationship class. The
ratio is obviously less than 1, and therefore, downsampling is achieved.

[0045]  When sampling is performed for each relationship class based on the
sampling rate determined above, random number comparison can be used to ensure
that sampling is performed based on the sampling rate. For example, to perform

sampling for relationship class c;, an instance satisfying relationship class c; can be

obtained from the full set of image samples. The instance can be, for example, a pair
of objects (O1, O2) satisfying relationship class c; in a certain image. Then a positive
random number less than 1 is generated, in other words, the range of the random
number is (0, 1). If the positive random number is less than the sampling rate ¢; of the
relationship class, the instance is sampled as a sample corresponding to relationship
class ¢;; otherwise, the instance is discarded.

[0046]  Continuing with the example of FIG. 5, as described herein, five classifiers
are set for the groups in FIG. 5. Classification space of classifier 1 includes cl1—c4.
Based on the distribution of the estimated sample sizes illustrated in FIG. 5, a target
value corresponding to classifier 1 should fall between estimated sample sizes of
relationship classes c2 and c3. Therefore, estimated sample sizes of relationship
classes c1 and c2 are greater than the target value. Assume that the sampling rate
calculation method in equation (1) is used, for example, a sampling rate of class cl is
0.4, a sampling rate of class c2 is 0.8, and a sampling rate of each of classes c3 and c4
is1.

[0047]  When sampling is performed for class c1, a random number between (0, 1)
is generated for an instance satisfying relationship class c1, and the random number is
compared with the sampling rate 0.4. If the random number is less than 0.4, the
instance is used as a sample of class c1; otherwise, the instance is discarded. Because
the random number falls between (0, 1) with an equal probability in principle, the
probability that the random number is less than 0.4 is 40%, and is equal to the
sampling rate. As such, sampling is implemented for the instance satisfying c1 by
using the sampling rate as the probability. Sampling processes for classes c2—c4 are
similar. As such, sampling is implemented for classifier 1.

[0048] Similarly, sampling can be performed for other classifiers. For example,

classification space of classifier 2 is c1-c10 (c1, c2, c3, c4, c5, ¢6, c7, ¢8, ¢9, and c10).
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Assume that a target value of classifier 2 falls between c4 and c5. In this case,
downsampling needs to be performed for cl1-c4 at a sampling rate less than 1, and
normal sampling is performed for c5—c10.

[0049]  According to the various methods described herein, sampling is
respectively performed for the K classifiers to obtain K corresponding sample subsets.
Distribution of sample sizes (number of instances) of relationship classes in each
sample subset is relatively balanced.

[0050] Returning to FIG. 4, next, in step 43, a sample image in each sample subset
of the K subsets is input to a corresponding classifier by using the encoder network to
obtain a relationship class prediction result between objects in the sample image.
[0051] For example, a sample image in sample subset k is input to the encoder
network. The encoder network recognizes and encodes objects in the sample image to
obtain encoded features of the objects. An encoded feature of an instance, namely, a
pair of objects (0i, 0j), sampled for classifier k is input to the kth classifier to obtain a
relationship class prediction result for the pair of objects. The above operations are
performed for each instance of each sample image in each sample subset, so that each
classifier predicts a relationship class for a pair of objects input to the classifier.

[0052]  To better implement collaborative learning and collaborative optimization
of a plurality of classifiers, a total prediction loss is jointly determined from two
aspects of parallel classifier optimization (PCO) and collaborative knowledge
distillation (CKD) with reference to relationship class prediction results output by the
classifiers.

[0053] In step 44, a first loss is determined based on classification losses of the K
classifiers. A classification loss of a classifier of the K classifiers is determined based
on a relationship class prediction result obtained by the classifier and a corresponding
class label. The first loss is a loss determined based on the PCO solution.

[0054] For example, a classification loss of the kth classifier can be determined
based on a relationship class prediction result of the kth classifier in the K classifiers
for an instance sample in the kth sample subset and a corresponding class label, and a
sum of the classification losses of the K classifiers can be calculated to obtain the first
loss.

[0055] In an example, the first loss can be determined according to the following
equation (2):

13
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K
1
Lpco = g W E ﬁCﬁE(?/-ij:W?j):
k=1 k (OT;_.OJ'JETJL; (2)

where D is the kth sample subset, |Dy| is the number of instances in the kth sample

subset, Lce is a cross entropy loss function, yij represents a relationship class label
corresponding to instance sample (0i, 0;), and " is a relationship class prediction

result obtained by the kth classifier for instance sample (0i, 0j). Generally, w5 is in
the form of a probability distribution vector, and one element thereof represents a
probability that instance sample (0i, 0;) belongs to one relationship class in the kth
classification space.

[0056]  According to equation (2), for single instance (0i, 0;) processed by
classifier k, the cross entropy loss function Lce can be used to calculate a prediction
loss of the instance sample, and then a sum of prediction losses of all instances in the
kth sample subset is calculated and then divided by the number of instances to obtain
the classification loss of the kth classifier. A sum of classification losses of the K
classifiers is calculated (in other words, the sum is calculated for k from 1 to K) to
obtain the first loss Lpco.

[0057] In addition, in step 45, a second loss is determined based on a similarity
between relationship class prediction results of different classifiers in the K classifiers
for a same pair of objects. The second loss is used to establish a knowledge transfer
mechanism and knowledge distillation between classifiers, so that a subsequent
classifier can learn a prediction capability of a previous classifier. Therefore, the
second loss is called a loss measure used for CKD.

[0058] To determine the CKD loss, for an instance sample, namely, a pair of

m
objects (oi, 0;), a first prediction result Wii predicted by first classifier m in first

m
Wij is obtained. The first prediction result is a

classification space for instance
probability distribution vector, and a dimension of the first prediction result is the

same as dimension dm of the first classification space. In addition, a second prediction

result Wij predicted by second classifier n in second classification space for the
instance is further obtained. A dimension of the second prediction result is the same as
dimension dn of the second classification space. Assuming that second classifier n is a
subsequent classifier, the second classification space includes the first classification

space, and dimension dn of the second classification space is greater than dm of the
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first classification space, in other words, dn>dm. Therefore, the dimension of the
second prediction result is greater than that of the first prediction result.

[0059]  Therefore, a part corresponding to the dimension of the first prediction
n
result can be truncated from the second prediction result Wij to obtain a second

truncation result V7. A dimension of the part is the same as that of the first prediction
result. It can be understood that the part of the second prediction result corresponding
to the dimension of the first prediction result corresponds to prediction of the second
classifier for a relationship class included in the first classification space, and the part

Is comparable to the first prediction result in dimension and meaning. Therefore, a

similarity between the first prediction result Wij and the second prediction result Wi
can be determined, and the above second loss can be determined based on the
similarity. In different implementations, the above similarity can be determined by a
cosine similarity, a KL divergence, an inner product of vectors, etc.

[0060]  Continuing with the example of FIG. 5, assume that the first classifier is

m
classifier 1, the first prediction result “Wii is a four-dimensional probability
distribution vector, indicating distribution of probabilities that a certain instance
belongs to relationship classes cl-c4; and assume that the second classifier is

classifier 2, and the second prediction result Wij is a ten-dimensional probability
distribution vector, indicating distribution of probabilities that the instance belongs to
relationship classes c1-c10. In this case, the first four dimensions of the second
prediction result indicate the distribution of the probabilities, predicted by classifier 2,

that the instance belongs to c1-c4. Therefore, the first four dimensions of the second

prediction result can be truncated as the second truncation result Wi, A similarity
between prediction results of classifier 2 and classifier 1 for classes cl-c4 is
determined by using the first prediction result and the second truncation result.

[0061] In an implementation, the pair of objects (0i, 0;) forming the above instance
sample is a pair of objects in a common sample image in a first sample subset
corresponding to first classifier m and a second sample subset corresponding to
second classifier n. As such, the first prediction result and the second prediction result
can be read and reused from relationship class prediction results output by the
classifiers in step 43. In another implementation, the pair of objects (0i, o) is an

instance in a sample subset corresponding to a certain classifier, and therefore, a
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corresponding prediction result can be read from the relationship class prediction
results in step 43. To determine the second loss, the pair of objects can be artificially
input to another classifier whose classification space includes a class label of the pair
of objects to obtain another prediction result, and the prediction result and the another
predict result are used as the first prediction result and the second prediction result
respectively.

[0062] In an example, the second loss Lckp can be determined according to the
following equation (3):

1 1 ~
ﬁC‘KD:@ Z D, Z Lrr(w]j, W),

(m,n}EQ (Oi,oj}EDn (3),

where Q is a set of distillation learning pairs including classifier m and classifier n,

wg? is the first prediction result obtained by classifier m for the pair of objects (0i, 0j),

Wij is the second truncation result obtained by truncating the second prediction result
of classifier n, and L. is a KL divergence loss function. An example form of L. is

shown in the following equation (4):

L
L (Wi, W) = — Zwin log W',.

=1 4
[0063] In different implementations, set Q can be obtained in different ways. For
example, K classifiers are combined in pairs, or each classifier is combined with a
next classifier, or the Kth classifier is combined with the (K-1)th classifier. In other
implementations, another similarity determining function can be used to replace the
KL divergence loss function in equation (3). This is not limited herein.
[0064]  When the first loss and the second loss are determined, in step 46, a total
prediction loss is determined based on the first loss and the second loss, and the
encoder network and the K classifiers are updated based on the total prediction loss.
[0065] In an implementation, a weighted sum of the first loss Lpco and the second
loss Lckp can be calculated based on a predetermined weight factor to obtain the total
prediction loss. For example, as shown in the following equation (5), the total

prediction loss Lecw of a group collaborative learning (GCL) is obtained:
Laor =Lpco +aLlekp 5),
where a is the predetermined weight factor.

[0066] It can be seen that the total prediction loss is a combination of the PCO
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loss and the CKD loss. The first loss Lpco determined based on the PCO solution is
intended to facilitate the convergence of the last classifier by performing loss
calculation and gradient descent on all classifiers. The PCO method can be considered
as a weak constraint policy for a subsequent classifier. For example, classification
losses of all the classifiers are aggregated to implicitly improve the prediction
performance of the last classifier.

[0067] Knowledge transfer and knowledge distillation can be established based on
the second loss Lckp determined based on the CKD method, so that a subsequent
classifier learns a prediction result of a previous classifier. Because the previous
classifier has small classification space, a small range of prediction classes, and a
large sample size, the previous classifier can learn strong prediction performance for a
small range of relationship classes. The subsequent classifier can learn the prediction
result of the previous classifier to improve a prediction capability for a relationship
class that ranks higher. The method can be considered as a strong constraint policy
that improves unbiased prediction performance of the subsequent classifier by forcing
the subsequent classifier to learn a prediction behavior of the previous classifier, so
that the last classifier has a strong prediction capability for both a head relationship
class that ranks higher and a tail relationship class in a long tail part.

[0068]  According to the above implementations, a relationship class set is divided,
and a plurality of classifiers are set, so that the plurality of classifiers perform
collaborative learning, thereby overcoming or alleviating adverse impact of a long tail
effect of a sample distribution deviation on training of a relationship class recognition
model. Knowledge accumulation and transfer are performed between the classifiers to
facilitate final unbiased relationship prediction and improve the prediction
performance.

[0069] It should be understood that, in the K classifiers trained in the method of
the implementations described herein, the Kth classifier is a classifier with full
classification space, and can recognize all relationship classes in the total relationship
class set, while the other K—1 classifiers are essentially used to assist in training of the
Kth classifier. Therefore, after the training process is completed, it is feasible to only
use the Kth classifier to analyze an image by using the relationship recognition model.
[0070] For example, in the image analysis process, a target image to be
recognized can be input to the Kth classifier by using the encoder network, and the

Kth classifier classifies and predicts relationship classes between a plurality of objects
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included in the target image. Further, in an implementation, a scene graph can be
generated based on a recognition result of the relationship recognition model. For
example, a scene graph corresponding to the target image can be generated by using
the plurality of objects in the image as a plurality of nodes and the recognized
relationship class as an edge, for example, as shown on the right of FIG. 1.

[0071] In addition, the inventors have found that in the relationship class
recognition process, information of a plurality of modes is involved. For example, one
mode is visual feature information, including an image feature and a frame position
feature, and another mode is text feature information, including a text description of
the recognized object class, for example, dog or ear shown in FIG. 1. The information
of the plurality of modes needs to be fused to jointly determine the relationship class
between the objects. To improve the prediction performance of the relationship
recognition model, it is further considered to improve the relationship recognition
model by facilitating the fusion of modes.

[0072] FIG. 6 is a schematic diagram illustrating a structure and a processing
process of a relationship recognition model according to an implementation. As
described herein with reference to FIG. 2, a relationship recognition model usually
includes an encoder network and a classification network, the encoder network is used
to recognize and encode a plurality of objects included in an image, and the
classification network recognizes a relationship class between the objects based on at
least encoded features of the objects. A structure of the encoder network is further
shown in detail in FIG. 6. As shown in FIG. 6, the encoder network includes a
detection sub-network, a first encoder, a first decoder, and a second encoder. An
encoding process of the encoder network is as follows.

[0073]  The detection sub-network can be a pre-trained target detection model, for
example, Mask R-CNN or Faster-CNN. When an image is input to the detection sub-
network, the detection sub-network recognizes objects in the image, and outputs
image features v, frame information s, and initial object classes | of the objects
included in the image.

[0074] Then, in the first encoder, an attention-based encoding operation is
performed based on image features v, frame information s, and initial object classes |
of the objects to obtain first encoded features x of the objects. First encoded feature x
is a more refined and integrated object feature obtained based on image feature v,

frame information s, and initial object class I.
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[0075]  Then the first decoder obtains corrected object classes I' of the objects
based on first encoded features x of the objects. Because first encoded feature x is a
more integrated feature obtained by fusing a plurality of features, object class I' output
by the first decoder based on first encoded feature x may be different from original
object class | output by the detection sub-network, and can be used as a correction to
the original object class.

[0076]  Then, in the second encoder, an attention-based encoding operation is
performed based on image features v, first encoded features x output by the first
encoder, and corrected object classes I' output by the first decoder, to obtain second
encoded features x' of the objects. Therefore, second encoded feature x is a further
refined and integrated object feature representation.

[0077]  Therefore, second encoded features x' of the objects can be input to the
classification network, for example, a corresponding classifier in the above K
classifiers, to recognize a relationship class between the objects.

[0078]  To better fuse features of different modes, in an implementation, some
hybrid attention layers are disposed in one or more of the first encoder or the second
encoder, and self-attention processing and cross-attention processing are introduced in
the hybrid attention layer to achieve a better fusion effect.

[0079] FIG. 7 is a schematic diagram illustrating a processing process of a hybrid
attention layer. As shown in the figure, any Ith hybrid attention layer includes a self-
attention module SA and a cross-attention module CA disposed for each of two types
of features (or features of two modes). For example, the Ith hybrid attention layer
includes a first attention module SA and a first cross-attention module CA disposed
for a first type of feature and a second attention module SA and a second cross-
attention module CA disposed for a second type of feature. The Ith hybrid attention
layer performs attention-based fusion encoding processing on the first type of feature
X" and the second type of feature Y input to the Ith hybrid attention layer. Details
of the processing process are as follows.

[0080] In the first attention module, a self-attention-based transformation is
performed on the first type of feature X! input to the hybrid attention layer, to obtain
a first self-transformed feature SA(X®). In the first cross-attention module, a
composite transformation is performed on the first type of feature X and the second
type of feature Y input to the hybrid attention layer based on attention of the second

type of feature YO relative to the first type of feature X", to obtain a first cross-
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transformed feature CA(X®, Y®). The first self-transformed feature and the first
cross-transformed feature are combined as a first type of feature X(*% output by the
hybrid attention layer. In an example, the first type of output feature is represented as
follows:

XEFD=sAXM+CAXD, YD) (6)
[0081] It can be understood that the first type of feature X™*) is used as a first
type of feature input to the next hybrid attention layer (the (1+1)th layer).
[0082]  Correspondingly, in the second attention module, a self-attention-based
transformation is performed on the second type of feature Y® input to the hybrid
attention layer, to obtain a second self-transformed feature SA(Y®). In the second
cross-attention module, a composite transformation is performed on the second type
of feature Y and the first type of feature X! input to the hybrid attention layer based
on attention of the first type of feature X relative to the second type of feature Y®, to
obtain a second cross-transformed feature CA(Y(®, X"). The second self-transformed
feature and the second cross-transformed feature are combined as a second type of
feature YV output by the hybrid attention layer. In an example, the second type of
output feature is represented as follows:

YHD=sA(YD)+CA(YD, XD) (7
[0083] It can be understood that the second type of feature Y(*V) is used as a
second type of feature input to the next hybrid attention layer (the (I+1)th layer).
[0084]  The above self-attention-based transformation SA is performed by using a
known self-attention mechanism. For example, an attention transformation function
determined based on parameter matrices Q, K, and V is applied to a feature matrix
input to the hybrid attention layer, to obtain a transformed feature matrix. The cross-
attention-based composite transformation CA is performed by using a known cross-
attention mechanism. For example, an attention transformation function is applied to a
first feature matrix and a second feature matrix input to the hybrid attention layer in
order. Parameter matrix Q is applied to the first feature matrix, and parameter
matrices K and V are applied to the second feature matrix. The first type of feature
and the second type of feature can be more fully fused by using the above hybrid
attention layer.
[0085] It should be noted that when the hybrid attention layer is used in the first
encoder, the first type of feature X input to the hybrid attention layer corresponds to a

visual feature, and includes image feature v and frame feature s of each object, for
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example, a combination of image feature v and frame feature s. The second type of
feature Y corresponds to a text feature, and is an embedded vector representation of
initial object class I.

[0086]  When the hybrid attention layer is used in the second encoder, the first
type of feature X input to the hybrid attention layer includes image feature v and first
encoded feature x of each object, and still corresponds to a visual feature. For
example, X can be a combination of image feature v and first encoded feature x. The
second type of feature Y corresponds to a text feature, and is an embedded vector
representation of corrected object class I'.

[0087] In the illustration of FIG. 6, the hybrid attention layer is used in each of the
first encoder and the second encoder to fully fuse a visual feature and a text feature. In
practice, a variant implementation can be used to introduce the hybrid attention layer
in one of the two encoders.

[0088] In an implementation, the structure of FIG. 6 can be simplified to obtain a
simplified relationship recognition model. The simplification can include removing
the first decoder and the second encoder in FIG. 6. As such, an image processing
process includes: inputting a target image to a detection sub-network to obtain image
features, frame information, and initial object classes of some objects included in the
image; then performing an attention-based encoding operation based on the image
features, the frame information, and the initial object classes by using a first encoder,
to obtain encoded features of the objects; and directly outputting the encoded features
of the objects obtained by the first encoder to a classification network, so that the
classification network recognizes a relationship class between the objects. In such a
case, a hybrid attention layer can be used in the first encoder. The structure and the
processing mechanism of the hybrid attention layer are described herein and are
omitted for simplicity.

[0089]  The first type of feature and the second type of feature of different modes
can be fully fused by using the encoder in which the hybrid attention layer is
introduced, to optimize the object encoding representation of the encoder network,
thereby improving the classification performance of the subsequent classification
network for relationship classes between the objects.

[0090]  According to an implementation of another aspect, corresponding to the
training method shown in FIG. 4, the present specification further provides an

apparatus for training a relationship recognition model. The apparatus can be
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deployed in any computing unit, platform, server, or device having computing and
processing capabilities. A relationship recognition model to be trained includes an
encoder network and a classification network, the encoder network is used to
recognize and encode a plurality of objects included in an image, and the
classification network is used to recognize a relationship class between the plurality of
objects from a predetermined relationship class set. FIG. 8 illustrates an apparatus for
training a relationship recognition model according to an implementation. As shown
in FIG. 8, the apparatus 800 includes: a grouping and setting unit 81, configured to
divide the relationship class set into K groups, and correspondingly set K classifiers to
form a classification network, where classification space of a first classifier in the K
classifiers corresponds to relationship classes in a first group, and a kth classification
space corresponding to a subsequent kth classifier includes classification space
corresponding to a previous classifier of the kth classifier and relationship classes in a
kth group; a sampling unit 82, configured to sample a full set of image samples for the
K classifiers to obtain K sample subsets respectively; a predicting unit 83, configured
to input a sample image in each sample subset of the K subsets to a corresponding
classifier by using an encoder network to obtain a relationship class prediction result
between objects in the sample image; a first loss determining unit 84, configured to
determine a first loss based on classification losses of the K classifiers, where a
classification loss of a classifier of the K classifiers is determined based on a
relationship class prediction result obtained by the classifier and a corresponding class
label; a second loss determining unit 85, configured to determine a second loss based
on a similarity between relationship class prediction results of different classifiers in
the K classifiers for a same pair of objects; and an updating unit 86, configured to
determine a total prediction loss based on the first loss and the second loss, and update
the encoder network and the K classifiers based on the total prediction loss.

[0091]  The units of the above apparatus can be configured to perform the method
steps of FIG. 4. For an execution process, references can be made to the above
descriptions provided with reference to FIG. 4. Details are omitted for simplicity.
[0092]  According to an implementation of another aspect, a computer-readable
storage medium is further provided. The computer-readable storage medium stores a
computer program, and when the computer program is executed on a computer, the
computer is enabled to perform the training method described with reference to FIG. 4.

[0093]  According to an implementation of still another aspect, a computing device
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is further provided. The computing device includes a memory and a processor, the
memory stores executable code, and the processor implements the training method
described with reference to FIG. 4 when executing the executable code.

[0094] A person skilled in the art should be aware that, in the above one or more
examples, functions described in the present invention can be implemented by
hardware, software, firmware, or any combination thereof. When the functions are
implemented by software, the functions can be stored in a computer-readable medium
or transmitted as one or more instructions or code in the computer-readable medium.
[0095]  The objectives, technical solutions, and beneficial effects of the present
invention are further described in detail in the above example implementations. It
should be understood that the descriptions are merely example implementations of the
present invention, but are not intended to limit the protection scope of the present
invention. Any modification, equivalent replacement, or improvement made based on
the technical solutions of the present invention shall fall within the protection scope of

the present invention.
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CLAIMS

What is claimed is:

1. A method for training a relationship recognition model, the relationship
recognition model including an encoder network and a classification network, the
encoder network being used to recognize and encode a plurality of objects included in
an image, the classification network being used to recognize a relationship class
between the plurality of objects from a predetermined relationship class set, and the
method comprising:

dividing the relationship class set into K groups, and correspondingly setting
K classifiers to form the classification network, classification space of a first classifier
in the K classifiers corresponding to relationship classes in a first group, and a kth
classification space corresponding to a subsequent kth classifier including
classification space corresponding to a previous classifier of the kth classifier and
relationship classes in a kth group;

sampling a full set of image samples for the K classifiers to obtain K sample
subsets respectively;

inputting a sample image in each sample subset of the K subsets to a
corresponding classifier by using the encoder network to obtain a relationship class
prediction result between objects in the sample image;

determining a first loss based on classification losses of the K classifiers, a
classification loss of a classifier of the K classifiers being determined based on a
relationship class prediction result obtained by the classifier and a corresponding class
label;

determining a second loss based on a similarity between relationship class
prediction results of different classifiers in the K classifiers for a same pair of objects;
and

determining a total prediction loss based on the first loss and the second loss,
and updating the encoder network and the K classifiers based on the total prediction

loss.
2. The method according to claim 1, wherein the dividing the relationship

class set into the K groups includes:

sorting relationship classes in the relationship class set based on estimated
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sample sizes corresponding to the relationship classes; and

forming the K groups based on the sorting, so that a sample size difference
index between a relationship class with a largest sample size and a relationship class
with a smallest sample size in each group is less than a predetermined threshold.

3. The method according to claim 2, wherein the estimated sample size is
obtained by collecting statistics on all relationship classes included in the full set of

image samples.

4. The method according to claim 2, wherein the forming the K groups based
on the sorting includes:

traversing the relationship classes based on the sorting, wherein for a traversed
current relationship class, it is determined whether a sample size difference index
between the traversed current relationship class and the first relationship class in a
formed latest group is less than the predetermined threshold; and

in response to that the sample size difference index is less than the
predetermined threshold, adding the current relationship class to the latest group; or

in response to that the sample size difference index is not less than the
predetermined threshold, generating a new group, using the current relationship class
as the first relationship class in the newly generated group, and using the newly

generated group as a formed latest group.

5. The method according to claim 1, wherein the K sample subsets include any
kth sample subset, and sampling distribution of the kth sample subset for relationship
classes in the kth classification space satisfies a predetermined condition related to a

distribution balance.

6. The method according to claim 1, wherein the sampling the full set of image
samples for the K classifiers respectively includes:

determining a target value for any kth classifier based on estimated sample
sizes of relationship classes in the kth classification space, wherein the target value is
an average or a median of the estimated sample sizes of the relationship classes;

determining a sampling rate of each relationship class based on the target

value, including: determining a first sampling rate corresponding to a first relationship
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class, so that the first sampling rate is less than 1, wherein an estimated sample size of
the first relationship class is greater than the target value; and

performing sampling for each relationship class based on the sampling rate of
each relationship class.

7. The method according to claim 6, wherein the determining the sampling
rate of each relationship class further includes: determining that a second sampling
rate corresponding to a second relationship class is 1, wherein an estimated sample

size of the second relationship class is less than or equal to the target value.

8. The method according to claim 6, wherein the determining the first
sampling rate corresponding to the first relationship class includes:
determining the first sampling rate as a ratio of the target value to the

estimated sample size of the first relationship class.

9. The method according to claim 6, wherein the performing sampling for each
relationship class based on the sampling rate of each relationship class includes:

obtaining a first sample satisfying the first relationship class from the full set
of image samples;

generating a positive random number less than 1;

in response to that the positive random number is less than the first sampling
rate, sampling the first sample as a sample corresponding to the first relationship class;
and

in response to that the positive random number is not less than the first

sampling rate, discarding the first sampling.

10. The method according to claim 1, wherein the determining the first loss
based on the classification losses of the K classifiers includes:

determining a classification loss of the kth classifier based on a relationship
class prediction result of the kth classifier for a sample in the kth sample subset and a
corresponding class label; and

determining a sum of the classification losses of the K classifiers as the first

loss.
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11. The method according to claim 1, wherein the determining the second loss
based on the similarity between the relationship class prediction results of different
classifiers in the K classifiers for the same pair of objects includes:

obtaining a first prediction result predicted by a first classifier in the K
classifiers for a pair of objects in first classification space and a second prediction
result predicted by a second classifier for the pair of objects in second classification
space respectively, wherein a dimension of the second classification space is greater
than that of the first classification space;

truncating a part corresponding to a dimension of the first prediction result
from the second prediction result to obtain a second truncation result;

determining a first similarity between the first prediction result and the second
truncation result; and

determining the second loss based on at least the first similarity.

12. The method according to claim 11, wherein the pair of objects is a pair of
objects in a common sample image in a first sample subset corresponding to the first

classifier and a second sample subset corresponding to the second classifier.

13. The method according to claim 11, wherein the determining the first
similarity between the first prediction result and the second truncation result includes:
determining a KL divergence between the first prediction result and the second

truncation result as the first similarity.

14. The method according to claim 1, wherein the determining the total
prediction loss based on the first loss and the second loss includes:
calculating a weighted sum of the first loss and the second loss based on a

predetermined weight factor to obtain the total prediction loss.

15. The method according to claim 1, wherein the encoder network includes a
detection sub-network and a first encoder, and the inputting the sample image in each
sample subset of the K subsets to a corresponding classifier by using the encoder
network includes:

inputting a first sample image to the detection sub-network to obtain image

features, frame information, and initial object classes of first objects included in the
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first sample image; and

performing an attention-based encoding operation based on the image features,
the frame information, and the initial object classes of the first objects by using the
first encoder, to obtain first encoded features of the first objects.

16. The method according to claim 15, wherein the first encoder includes one
or more hybrid attention layers, each hybrid attention layer of the one or more hybrid
attention layers includes a self-attention module and a cross-attention module
disposed for each of two types of features, and the attention-based encoding operation
includes following operations in a single hybrid attention layer:

performing a self-attention-based transformation on either one of the two types
of features that are inputted by using a self-attention module corresponding to the
either one type of feature, to obtain a first transformed feature;

performing a composite transformation on the two types of features based on
attention of another one of the two types of features relative to the one type of feature
by using a cross-attention module corresponding to the one type of feature, to obtain a
second transformed feature; and

combining the first transformed feature and the second transformed feature as
an output of the one type of feature, wherein:

two types of features input to the first encoder include a first type of feature
obtained based on the image features and the frame information of the first objects
and a second type of feature obtained based on the initial object classes of the first

objects.

17. The method according to claim 15, wherein the encoder network further
includes a first decoder and a second encoder, and the inputting the sample image in
each sample subset of the K subsets to a corresponding classifier by using the encoder
network further includes:

obtaining corrected object classes of the first objects based on the first
encoded features of the first objects by using the first decoder; and

performing an attention-based encoding operation based on the image features,
the first encoded features, and the corrected object classes of the first objects by using
the second encoder, to obtain second encoded features of the first objects for input to

the corresponding ith classifier.
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18. The method according to claim 17, wherein one or more of the first
encoder or the second encoder include some hybrid attention layers, each hybrid
attention layer includes a self-attention module and a cross-attention module disposed
for each of two types of features, and the attention-based encoding operation includes
the following operations in a single hybrid attention layer:

performing a self-attention-based transformation on either one of the two types
of features that are inputted by using a self-attention module corresponding to the
either one type of feature, to obtain a first transformed feature;

performing a composite transform on the two types of features based on
attention of another one of the two types of features relative to the one type of feature
by using a cross-attention module corresponding to the one type of feature, to obtain a
second transformed feature; and

combining the first transformed feature and the second transformed feature as
an output of the one type of feature, wherein:

two types of features input to the first encoder include a first type of
feature obtained based on the image features and the frame information of the first
objects and a second type of feature obtained based on the initial object classes of the
first objects; and

two types of features input to the second encoder include a first type of
feature obtained based on the image features and the first encoded features of the first
objects and a second type of feature obtained based on the corrected object classes of

the first objects.

19. A method for analyzing an image, comprising:

obtaining a relationship recognition model trained by using the method of
claim 1, the relationship recognition model including an encoder network and a
classification network, and the classification network including K classifiers; and

inputting a target image to be recognized to the Kth classifier by using the
encoder network, and predicting a relationship class between a plurality of objects

included in the target image.

20. The method according to claim 19, further comprising:

generating a scene graph corresponding to the target image by using the
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plurality of objects as a plurality of nodes and the relationship class as an edge.

21. A method for analyzing an image by using a relationship recognition
model, the relationship recognition model including an encoder network and a
classification network, the encoder network including a detection sub-network and a
first encoder, and the method comprising:

inputting a target image to the detection sub-network to obtain image features,
frame information, and initial object classes of some objects included in the target
image;

performing an attention-based encoding operation based on the image features,
the frame information, and the initial object classes by using the first encoder, to
obtain encoded features of the objects; and

inputting the encoded features of the objects to the classification network to
recognize a relationship class between the objects, wherein

the first encoder includes some hybrid attention layers, each hybrid attention
layer includes a self-attention module and a cross-attention module disposed for each
of two types of features, and the attention-based encoding operation includes the
following operations in a single hybrid attention layer:

performing a self-attention-based transformation on either one of the two types
of features that are inputted by using a self-attention module corresponding to the
either type of feature, to obtain a first transformed feature;

performing a composite transformation on the two types of features based on
attention of another one of the two types of features relative to the one type of feature
by using a cross-attention module corresponding to the one type of feature, to obtain a
second transformed feature; and

combining the first transformed feature and the second transformed feature as
an output of the one type of feature, wherein:

two types of features input to the first encoder include a first type of feature
obtained based on the image features and the frame information of the first objects
and a second type of feature obtained based on the initial object classes of the first

objects.

22. A method for analyzing an image by using a relationship recognition

model, the relationship recognition model including an encoder network and a
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classification network, the encoder network including a detection sub-network, a first
encoder, a first decoder, and a second encoder, and the method comprising:

inputting a target image to the detection sub-network to obtain image features,
frame information, and initial object classes of some objects included in the target
image;

performing an attention-based encoding operation based on the image features,
the frame information, and the initial object classes of the objects by using the first
encoder, to obtain first encoded features of the objects;

obtaining corrected object classes of the objects based on the first encoded
features of the objects by using the first decoder;

performing an attention-based encoding operation based on the image features,
the first encoded features, and the corrected object classes of the objects by using the
second encoder, to obtain second encoded features of the objects; and

inputting the second encoded features of the objects to the classification
network to recognize a relationship class between the objects, wherein

one or more of the first encoder or the second encoder include some hybrid
attention layers, each hybrid attention layer includes a self-attention module and a
cross-attention module disposed for each of two types of features, and the attention-
based encoding operation includes the following operations in a single hybrid
attention layer:

performing a self-attention-based transformation on either one of the two types
of features that are inputted by using a self-attention module corresponding to the
either one type of feature, to obtain a first transformed feature;

performing a composite transformation on the two types of features based on
attention of another one of the two types of features relative to the one type of feature
by using a cross-attention module corresponding to the one type of feature, to obtain a
second transformed feature; and

combining the first transformed feature and the second transformed feature as
an output of the one type of feature, wherein:

two types of features input to the first encoder include a first type of feature
obtained based on the image features and the frame information of the first objects
and a second type of feature obtained based on the initial object classes of the first
objects; and

two types of features input to the second encoder include a first type of feature
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obtained based on the image features and the first encoded features of the first objects
and a second type of feature obtained based on the corrected object classes of the first

objects.

23. An apparatus for training a relationship recognition model, the relationship
recognition model including an encoder network and a classification network, the
encoder network being used to recognize and encode a plurality of objects included in
an image, the classification network being used to recognize a relationship class
between the plurality of objects from a predetermined relationship class set, and the
apparatus comprising:

a grouping and setting unit, configured to divide the relationship class set into
K groups, and correspondingly set K classifiers to form the classification network,
classification space of a first classifier in the K classifiers corresponding to
relationship classes in a first group, and a kth classification space corresponding to a
subsequent kth classifier including classification space corresponding to a previous
classifier of the kth classifier and relationship classes in a kth group;

a sampling unit, configured to sample a full set of image samples for the K
classifiers to obtain K sample subsets respectively;

a predicting unit, configured to input a sample image in each sample subset of
the K subsets to a corresponding classifier by using the encoder network to obtain a
relationship class prediction result between objects in the sample image;

a first loss determining unit, configured to determine a first loss based on
classification losses of the K classifiers, a classification loss of a classifier of the K
classifiers being determined based on a relationship class prediction result obtained by
the classifier and a corresponding class label;

a second loss determining unit, configured to determine a second loss based on
a similarity between relationship class prediction results of different classifiers in the
K classifiers for a same pair of objects; and

an updating unit, configured to determine a total prediction loss based on the
first loss and the second loss, and update the encoder network and the K classifiers

based on the total prediction loss.

24. A computing device, comprising a memory and a processor, the memory

storing executable code, and the processor implementing the method according to any
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one of claims 1 to 18 when executing the executable code.
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