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Abstract. The response time of interactive services depends not only on net-
work latency, but also on computer time. Active learning algorithms are the most
important methods. One problem is that these algorithms with uncertain sampling
strategies propose an active learning sampling strategy on the basis of sample
error correction to ensure that the efficiency and accuracy of interactive informa-
tion calling are improved, and they have high computational complexity. However,
due to computational complexity, this method is only suitable for smaller data sets.
This article discusses the use of quantum clusters to accelerate calculations
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1 Introduction

With the acceleration of mobile phone access, the number of Internet users accessing the
Internet through mobile devices is increasing rapidly, and the amount of computing is
shifting to the cloud [1]. Services such as online translation, voice cloud, and information
push are information calls. Based on large fuselage. The limitations of natural language
recognition technology make it difficult to accurately retrieve large text databases. It is
necessary to strengthen the search target through interactive query. Realizing the above
interactive information search is an active learning strategy. Active learning will ask
questions instead of passively accepting knowledge, which will increase the applicability
of the next interaction according to the reaction tank. Active learning helps to find
high-quality samples in the sample room and accurately describe user needs.

Due to the development of communication technology between the core network
side and mobile terminal users [2—4], the user experience of traditional services has been
improved on the basis of the new scheduling scheme [5—8]. Traffic analysis [9-12], anew
planning strategy aimed at improving network performance indicators (such as resource
use [13-16], frequency efficiency [17-20], energy efficiency [21, 22]). Measuring the
performance of these new planning strategies can determine traffic flow. Therefore, the
reconstruction of business flow has become an important topic [23-25]. In dense user
communication, the effective capacity of the channel must be improved [26—-30]. Within
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the framework of the intelligent scheduling scheme, the accuracy of prediction starts from
[3, 31, 32], and the traffic volume will seriously affect the effective capacity. Increasing
the network performance index can improve the quality of these traditional services.
In some emerging interactive services, the quality of human-computer interaction not
only depends on communication performance. For these services, users have higher
requirements for the delay and accuracy of such information country query services.
In order to improve the quality of user experience, certain information request services
put forward higher requirements for the accuracy and speed of calls. The limitation of
computational cost and interaction time is the two main challenges of active learning in
interactive information search.

Active learning is a continuously evolving interactive learning method. Lead to
the uncertain sampling strategy in [33]. In their classification experiment, it will be a
selection strategy that cannot be determined for each query problem, combined with
a probabilistic classifier and satisfactory results. The above-mentioned active learning
strategy has become a common learning method. Machine learning strategies are gradu-
ally being developed using different learning algorithms in the fields of natural language
processing and information retrieval [34]. Common active learning strategies include
committee questions, marginal sampling, and verifiability [35, 36]. These methods have
produced good results in the field of information acquisition.

However, to obtain a good user experience in the interactive information search,
building a high-quality training toolkit and reducing the computational complexity of
the text classifier are two key issues. Active learning algorithms are the key method for
learning interactive information. In recent years, deep drilling in the field of mechanical
engineering has had huge practical advantages. However, Carrier Vector Machine (SVM)
provides a solid theoretical foundation. Combined with the support vector machine,
based on the analysis of the uncertainty and influence of the sample on the version
space, several active learning strategies have been developed, including simple margins,
maximum and minimum ranges and quotation ranges [37]. This is a hot topic. Therefore,
the influence of labeled samples on the classification model is very important. It is very
important to choose the most informative example [38]. Due to the large amount of
storage space and time, SVM cannot support online services. Although multiplexing
can shorten the training time [39], it will face high computational load under a larger
gap.

The method of reinforcement learning was proposed in [40]. Since the latent
semantic model is becoming more and more popular in text classification [42, 43],
it has been widely used in the field of text classification [41]. Their version 2 of
AdaBoost. MHAufgrund is more suitable for online information consulting environ-
ment. However, it is necessary to build a huge training set to increase the number of
interactions and deteriorate the user’s online service experience.

Interactive retrieval services require active learning algorithms with low complexity
and high configuration Zision. The key to improving the accuracy of active learning
algorithms is to select samples with a large amount of information [44]. The traditional
active learning algorithm first selects a representative initial training set from cluster
analysis [45], and then marks it. The most uncertain sample. In this case, the learning
process will run through the initial set. In the case of limited initial information: In
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the early learning stage, the classifier often “misunderstands” the retreat target, which
requires us to spend a lot of time. A method is proposed on AdaBoost. MHVersion [46].
In this research, we discussed the application of quantum mechanisms to the active
learning model proposed in [47]. accelerate. This article is divided into five parts. The
second part reviews the interactive retrieval method proposed in Reference [47]. The
third part discusses: How to combine the retrieval method with the quantum classifier
proposed in Reference [48]. The fourth part is the conclusion.

2 Survey on Interactive Methods for Querying Information

Interactive information retrieval has the following three characteristics: (1) There is no
sample selected first. (2) Through interactive selection of high-quality samples, a high-
quality training set is established to form a high-precision classifier. (3) Services are
sensitive to delays; high-quality training courses must be established within a limited
time.

In order to meet these challenges, the interactive retrieval algorithm can be designed
as follows:

Step 1) The user sends query information.

Step 2) Calculate the degree of association between the query information and different
documents, and create an association model.

Step 3) Use active learning strategies to improve the association model through multiple
interactions with users.

Step 4) Sort the documents according to the association model, and output the query
results in descending order of association level.

The interactive retrieval system model can be expressed as A = (C,L, S, Q,U),
where C is classifier, L = R; U N;, R; and N; are relevant and irrelevant document
set which are identified through interaction, § is classifier, Q is evaluation function that
acquires simplified training set by identifying high-value samples, and U is the unlabeled
sample set and evaluation object of Q.

Let Cr be the classifier formed by using L as the training set, and Cr(x) be the
classifier calculated value of sample x. In binary classification, classification results are
generally judged by sign of values. If x € U, |Cr(x)| is proportional to the certainty
degree of categorization of x and samples with low certainty degree are usually chosen
into the training set in active learning. Additionally, if y(x) is the real category of sample

x, the ‘ {C/L VC/L(x) = y(x)} ‘ is size of the version size (where C/L is set of all candidate

classifiers), the samples that can reduce the version space to the greatest extent can be
used as high-value samples.

If these samples are recognized as different categorization by human, namely y -
Cr(x) < 0, then the high value of |Cp(x)| means the high error-correcting capacity to
the classifier Cr. As x is added, the new training set Cry(y) will be closer to real user
demands. Samples that can correct classifiers have higher values when interactions are
few and the early cognition of classifier significantly deviates from the retrieval target.
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To evaluate the unlabeled samples’ capacity to correct classifier, we designed an
expression to select the high quality samples:

d-po.<w>+ﬂ.ne.<(Sd_SMin)> (1)

(SMax - SMin) (SMax - SMin)

where « and B are coefficients, po is expected contribution (correcting capacity) of
documents judged as positive sample to the classifier, ne is expected contribution (cor-
recting capacity) of documents judged as negative sample to the categorization, S; is
the score given by classifier to the current document d (a higher score means a higher
expectation for the document belonging to positive sample and a lower score translates
to lower expectation), Sy, and Sy, are the highest and lowest scores of the classifier
for unlabeled documents.

InEgq. (1), 5 M reflects the probability for document to be judged by the current
classifier Cr, as posmve samples and % is the probability for document to be
judged by the current classifier Cy, as negative lgample

To each unlabeled document sample, the calculation formula determining its
contribution coefficients (correcting capacity) for current classifier:

po= > c(w)-idf (w) @)
YyweW
and
ne= Y tf—idf (w,d), 3)
Ywg¢W

where c(w) is the relevancy between term w given by the classifier and the target query
document. This score can measure the consistence between sample and the retrieval
target. And W is a set of key terms in the current document d. Let D be the document
set, d € D is the current document and 7r C D is the labeled document set. Let
|Tr| stand for total number of labeled document, #7r(w) stand for number of labeled
documents containing the word w and #(w, d) is the frequency of w in document d. The
calculation formula of the idf function becomes idf (w) = log(ITrI / #Tr(w)), so the
tf — idf function formula is #f — idf (w, d) = #w, d)) - idf (w).

3 Redesign Method Based on a Quantum Enclosure

This part is explained by the mechanical authentic. By Please write that model of the
quantum capsule FOI proposed in [48]. Let A is the hypothesis that the sample does not
belong to the wanted documents, and A is the hypothesis that the document contains
some wanted content. The choice is represented as a value in the interval [0, 1]. The
decision is Ag for A = 0 and A for A = 1, respectively.

The detection A operator yields 1 under Ay with the following probability:

Qo = P(A = 1]Ag) = tr(poA). “4)
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Q1 =P(A =1]A) =wr(p1A). &)
The average cost can be written as

K =&Koo+ (1 — &)Ko1 — (1 — §)(Ko1 — Ki)tr(p1 — Apo) A (6)
where

&Ko — Koo)
(1 —&)(Koi — K1)
If Ko1 > Ki1, K will be minimum if ##((p; — Apo)A) can be maximized.

The best detection operator is provided by the eigenstates |e;) if the operator p; — hpg
corresponding to the positive eigenvaues, where the eigensystem is provided by

(7

(o1 — Apo)ler) = efler) =1, ..., (rankof p; — Apg) (3
So it is essential to maximize
tr(pr = hpo) A =) erfer] Aler) ©)
and this can be obtained if
erlelAle)) =1,¢, >0 and e(e|Ale) =0,¢, <0 (10)

The estimation of the optimal projection operator between Ag and Aj can be written as

A=) plentel (11)
So the error probabilities is given in [48]:
Q=) _,lelple) —and  Qr=1=3%  Aelpile)  (12)
n [48], the minimum average cost is formulated as:
Kyin = EKoo + (1 = 6)Kor — (1 = &)(Kor K1) Y el (13)

Consider the vector |y), which is the input query of an IR system.

In this model, each document can being represented as a word vector |x). The density
operator pg can assess the relevance between unlabelled sample and negative sample.
The density operator pj can assess the relevance between unlabelled sample and positive
sample. The quantum SDT projects both the query vector |y) and the document vectors
|x) by means of the optimal detection. The ranking is computed by:

(x|Aly) (14)
The operators pg and p; are given as [48]:

lvo) {vo v

_ _ ol 15
o) T v (15)



328

J. Cheng et al.

Y
Randomly select n
documents

~— @@

h 4
)

Put into training
set T
— @

)

classification

h 4
)

Calculate expected
contribution
— @

A 4
Select the
document with the
largest expected
value

~—

A 4
)

Mark and put into

set T

reaches its limit

Rank the
remaining
documents

The most output

search results

Fig. 1. Flow chart of MH active learning method

ether the Boost algorith

Combine
classifiers
according to Boost
algorithm

Build a classifier




A Quantum Classifier Based Active Machine Learning 329

In combination with Eq. (1) and Eq. (15), the potential proportion of uncertain
samples is defined. Most uncertain sample and the sample determined, if marked in the
unexpected class, will provide important information.

An interactive retrieval algorithm is developed by combining the Boost algorithm
with the classifier with low computational complexity, using the active learning strategy
based on the error correction capability, incrementally increase the selected samples of
the users and the performance of the classifier to improve. Algorithms and document
sets can be used in the cloud are. To reduce the delay in interaction, adopting AdaBoost.
As shown in the Fig. 1, MH Active learning methods can be redesigned as follows:

Step 1) randomly select N documents for the training set t.

Step 2) a classifier by Eq. (15).

Step 3) Combine classifiers by Boost algorithm.

Step 4) Use combination classifier to classify unlabeled documents.

Step 5) calculates the expected contribution of each unmarked document in this loop by
formula (1).

Step 6) Select the document with the highest expected contribution

Step 7) provide the selected patterns for identification to the user and insert them into
set t.

Step 8) If the Boost algorithm does not reach the iteration limit, return to step 2, otherwise
go to step 7.

Step 9) Sort the remaining documents by Eq. (14).

Step 10) publish most search results.

4 Conclusions

Active learning is an effective way to achieve the performance of interactive informa-
tion search improve. The number of iterations and response delay affect the end user’s
experience. We are using concept of expected contribution to evaluate the quality of
the samples, to the number of iterations to reduce. Quantum-transformation is used to
react the classifier to accelerate. Combined these two methods suggest an active learning
algorithm.
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