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あらまし 動画ストリーミング配信を始め、様々なサービスがインターネットを介して提供されている。今後、ネットワークの仮

想化技術が進み、サービス毎にネットワークを構築し、制御することで、サービスに適したネットワークの運用が可能になると期

待される。この際には、ユーザーが実際に体感するサービス品質 (QoE)の観点からネットワークの構築、運用を設計する必要が

ある。このようなユーザーの QoEをモデル化する研究は、従来より進められてきいるものの、ユーザーの心理的な効果によって

QoEが変化するため、従来のモデルでは表現が困難な状況が生じうる。一方で、人の認知状態及び意思決定を表現するモデルとし

て、近年、量子意思決定が注目され始めている。量子意思決定では、従来の認知モデルでは表現が困難な、人の振る舞いをも表現

可能であり、より表現力の高いモデルとして有望視されている。本稿では、この量子意思決定を用いて、ユーザーの振る舞いをモ

デル化し、認知バイアスの影響下でも正しい選択に誘導する補正アルゴリズムを提案する。アルゴリズムをMPEG-DASH環境化

で実装し、本手法により認知バイアスによる誤った画質選択が減少し、動画再生の停止が少ない視聴をユーザーに提供可能である

ことを示す。
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Abstract Various services including video streaming are provided via the Internet. In the future, as network

virtualization technology advances, building and controlling a network for each service is expected to make the

network suitable for the service. In this case, it is necessary to design the network construction and operation

from the viewpoint of the quality of experience (QoE) of users. Although research on modeling QoE of users has

been advanced, the QoE changes according to the user’s psychological effect, so it can be difficult to model the

complete QoE in the conventional model. On the other hand, quantum decision making has begun to be drawing

attention in recent years as a model expressing human cognitive state and decision making. In quantum decision

making, it is possible to represent human behavior, which is hard to express in the conventional cognitive model,

and it is regarded as promising as a more general model. In this paper, we attempt to model user’s behavior

when viewing video streaming by the quantum decision making. Through simulation, we show that the tendency

of video resolution selection caused by psychological effects of users can be modeled. In this paper, we propose a

correction algorithm that models user ’s behavior using this quantum decision making and induces correct selection

even under the influence of cognitive bias. The algorithm is implemented by MPEG-DASH environmentization, and

this method shows that erroneous selection of image quality due to cognitive bias is reduced, and viewing with less

stop of streaming can be provided to users.
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1. Introduction

Recently, Internet users enjoy various types of service such

as video streaming. Since the quality of these services is af-

fected by the quality of the communication, user’s satisfac-

tion depends on the network condition. Thus, the service

provider should consider not only the service itself but also

the dynamic network condition changes for application de-

sign.

One effective way to keep the service quality during the

network condition change is changing the encoding of the

contents. For instance, in the video streaming protocol

called MPEG-DASH (Dynamic Adaptive Streaming over

HTTP) [1–3], a server prepares multiple profiles of the same

video contents whose bitrates are different. The video data

is split into segments by each profile. The video player could

choose the video profile dynamically by requesting the next

segment for the selected video profile. The profile selection

is not only automatic (by video player) but also manual (by

the user itself). Thus, the user could keep watching the

video with feasible quality even when the network condition

changes.

However, it is difficult to determine which encoding is de-

sired by the user. It depends not only on the network condi-

tion but also on the user’s psychological behavior including

cognitive biases [4–6]. In [6], the satisfaction of the user

watching a streaming video is affected by a type of cognitive

bias called cognitive dissonance. The study shows that the

user’s satisfaction is improved when the user selects the video

quality by oneself while the same video quality selected au-

tomatically gives lower satisfaction. Although the user’s sat-

isfaction has been modeled from the viewpoint of the quality

of experience (QoE) in previous literature [1, 7, 8], model-

ing the comprehensive user’s psychological behavior has not

been achieved.

Thus, the recommendation is better for improving the

user’s QoE than pushing a certain video profile to the user.

If the user is rational, the user’s manual choice is close to

what he/she desires. On the other hand, the user would se-

lect a wrong decision by the cognitive effect. Moreover, it

is tiresome for the user to select the video profile at each

time. Therefore, the automatical supports to select the bi-

trate is also required. The recommendation is a promising

compromise plan to take the advantages of the manual and

automatic bitrate control. That is, the recommendation only

gives the user the push to change the bitrate, then the actual

decision is made by the user his/herself.

In order to lead the user to the right decision, the rec-

ommendation should be conducted by considering how the

recommendation affects the user’s decision. Although there

is no quantitative model to predict how the user obeys such

recommendation while watching video watching, the research

on the psychological experiments, fortunately, has modeled

how a person makes the decision when the decision is re-

quested [9–13]. The model is called quantum decision-

making model which applies the mathematical framework

of the quantum theory to describe the human’s decision-

making. According to quantum decision-making, the cog-

nitive effect such as cognitive dissonance and order effect

is explained as the quantum effect in the model. Thus, the

quantum decision-making model is expected to represent the

user’s behavior during the watching video streaming.

In this paper, we propose a bitrate recommendation

method which avoids the cognitive bias captured by the

quantum decision-making model. In the model, the frequent

recommendation discourages the user against changing their

mind. This cognitive bias called quantum Zeno effect. To

avoid this effect, our recommendation algorithm carefully se-

lects the timing to show the recommendation based on the

user’s behavior predicted by the model.

To demonstrate our algorithm works well, we implement

the recommendation algorithm in the MPEG-DASH video

streaming system. Implementing the recommendation en-

gine as an independent agent, we achieve the following:

• the recommendation engine gets the user’s terminal in-

formation quickly by deploying the agent close to the user’s

terminal

• the user’s terminal does not suffer from additional con-

suming resource for the recommendation.

The rest of this paper is organized as follows. Section 2.

shows an overview of Quantum decision-making to under-

stand our user model. Section 3. shows the proposed method

to recommend the appropriate video quality to the user by

using the user’s decision-making model. Section 4. shows

the simulation results of our recommendation method. Sec-

tion 5. concludes this paper.

2. Quantum decision-making

Quantum decision-making is one of the models of human

decision-making. This model is expected to explain the psy-

chological effect of the human which cannot be explained

by previous models such as the expected utility model and

prospect theory. In this section, we briefly explain the gen-

eral quantum decision-making.

In quantum decision-making, there are roughly two stages,

i.e, thinking about the possible selections before the decision

and determining a selection when it is forced to make a de-

cision. For the first stage, people consider which selection

to choose in their mind. In this stage, each selection has a

probability to be chosen according to their cognitive state.

The quantum decision-making models the cognitive state as

a quantum state which reflects the probability of each selec-

— 2 —



tion. In the second stage, people choose one selection as a

decision according to the probability. This stage is modeled

as a quantum measurement in which one measurement value

is observed with the probability according to the quantum

state.

In this section, we briefly introduce the mathematical for-

mula of the quantum decision-making. We describe the fol-

lows (1) how to represent cognitive states as quantum states,

(2) how to model the decision-making as the quantum mea-

surement, (3) how to describe the update of the cognitive

state, and (4) how the quantum effects explain the psycho-

logical effect.

2. 1 Cognitive State

In quantum decision-making, the cognitive state of the hu-

man is modeled as a quantum state. The state is denoted

as an element of Hilbert space H. The quantum state is

represented by a bra vector such as

|ψ⟩ ∈ H. (1)

The linear combination of certain states is also a quan-

tum state. When a quantum state is denoted by the linear

combination of |π1⟩ , |π2⟩ such as

|ψ⟩ = ψπ1 |π1⟩+ ψπ2 |π2⟩ , (2)

the state |ψ⟩ is called superposition state. The coefficients

ψπ1 , ψπ2 called probability amplitude indicates that the mea-

surement result of |ψ⟩ is |πi⟩ with probability ∥ψπi∥2.
In quantum decision-making, a superposition state corre-

sponds to hesitating over which selection to choose. That is,

the human selects the selection πi with probability ∥ψπi∥.
For the video streaming user, the selection πi represents

the video profile.

2. 2 Decision-making

In quantum theory, the physical quantity is not determined

until the measurement is conducted. After the measurement,

the quantum state jumps into a certain state in which the

measurement value is confirmed.

Similarly, decision-making is conducted by the ”measure-

ment” of the quantum state in quantum decision-making.

In this context, the measurement means to ask a question

to the human including asking himself/herself. Getting the

question, the human determines his/her decision by answer-

ing the question.

The measurement is represented as an operation over the

Hilbert space. We denote the operator Â which is the Her-

mite operator over H. The eigenvectors |a1⟩ , · · · , |an⟩ of Â

decides the possible selections that the decision a1, · · · , an is

selected with probability 1, respectively.

When the user in the state |ψ⟩ selects his/her decision with

Â, the probability to select the decision ai is determined as

P (ai) = ∥ ⟨ai|ψ⟩ |ai⟩ ∥2 (3)

where ⟨x|y⟩ denotes the inner product of |x⟩ and |y⟩ and

∥ |x⟩ ∥ means the norm of |x⟩.
Once the user selects the decision a, the state |ψ⟩ jumps

into a state |a⟩ in which the human selects the decision |a⟩
with probability 1. This transition of the state is described

by following

|ψ⟩ → |ai⟩ with probability P (ai). (4)

This non-continuous transition of the state is one charac-

teristic feature of the quantum decision-making. The prob-

ability to select a certain choice depends on the decision the

human selects before. That is, the decision directly affects

the cognitive state of the human in the quantum decision-

making.

2. 3 Quantum Reinforcement Learning

Since people change their mind with new information from

the environment, the cognitive state should be updated with

the observed information. In quantum decision-making,

quantum reinforcement learning is one model for the state

update with observation [10,14].

The quantum reinforcement learning is the process that

the probability of a specific decision is enhanced when the

observation. Once the new information x is given at time t,

the state |ϕ(t)⟩ is updated as

|ψ(t+ 1)⟩ = Q(x) |t⟩ (5)

where Q(x) is the operator which amplifies the probability

of a certain decision suitable to the observed information.

The operator Q(x) is defined as follows [10]:

Q(x) = (Q2Q1(x))
L (6)

Q1(x) = I − (1− eiϕ1 |πx⟩ ⟨πx|) (7)

Q2(x) = (1− eiϕ2) |ϕ(t)⟩ ⟨ψ(t)| (8)

where πx represents the choice whose probability increases

by obtaining the observation x, and L, ϕ1, ϕ2 are parameters.

Typically, ϕ1 and ϕ2 are set to ϕ1 = ϕ2 = π, and L equals

to the revenue for selecting the choice x [10].

By repeating the amplification of the probability every

when the new observation is obtained, the probability to

choose an optimal choice becomes high. Thus, the decision-

making with this quantum reinforcement learning leads to

reasonable choice after when sufficient information is col-

lected from the observation.

For the user of the video streaming, the amplified selection

πx is such as the optimal video profile which maximizes the

user’s satisfaction F k. Assuming the partial rationality for

the user, cumulating information amplifies the probability

to select objectively optimal selection. Thus, F k would be

an objective QoE which is determined by some QoS metrics.

For instance, in [1], QoE is defined as the weighted summa-

tion of average bitrate, average bitrate changes, rebuffering
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and startup delay:

FK =
∑
t=1

Kr(t)− λ|r(t+ 1)− r(t)| − λdd(t)− λsTs

(9)

where d(t) is the time when the video stopped by rebuffer-

ing, Ts is the startup delay, and λ, λd, λs is weight for each

factor.

2. 3. 1 Quantum Zeno Effect

The quantum decision-making can explain the cognitive ef-

fect with the quantum effect in the quantum cognition model.

In this subsection, we briefly introduce some of these special

features in the quantum decision-making, unlike classical de-

cision model.

An important characteristic of quantum decision-making

is wave function convergence. Once the decision is made, the

cognitive state is changed into a certain state in which the

probability of the selected decision is 1 and the probability

of otherwise is 0. This quantum effect causes that the con-

tinuous decision tends to conclude the same decision. Such

persistence to their own decision called cognitive dissonance

in the psychology [6].

Since the cognitive state changes with time, this tendency

depends on the time interval between continuous decisions.

If the second decision is conducted long after the first de-

cision, the persistence to the first decision is weak. On the

contrary, the persistence is strong with a short time interval

between two decisions.

When the time interval becomes close to zero, the deci-

sion tends to be fixed to one choice. This effect called the

Quantum Zeno effect and it is confirmed with experimental

results [12].

Thus, the frequent recommendation to induce the user to

change bitrate may cause the user’s persistence to the cur-

rent bitrate. In section 3., we propose a recommendation

method to avoid such a quantum effect and lead the user to

a better choice.

3. Bitrate Change Recommendation

To achieve both providing the high quality to the user and

selecting the video bitrate by the user him/herself, the rec-

ommendation is a promising solution. That is, the user is

recommended to change the current video bitrate when the

bitrate is no longer suitable to the current network condition.

Repeating recommendation would encourage the user to

change the video bitrate. However, too frequent recommen-

dation prevents the user from switching the video bitrate due

to the quantum Zeno effect.

Considering this cognitive effect predicted from the quan-

tum decision-making model, we propose a recommendation

method to induce the user to select a better bitrate. proposed

method avoids such cognitive dissonance effect by carefully

choosing the timing to recommend by estimating whether

the user sticks to the previous decision.

3. 1 Overview

The recommendation module can be placed at the video

player, video server, or middlebox such as proxy. The mod-

ule gets the current state of the playing video from the video

player such as network throughput and buffered video length.

With this information, the module understands the current

situation and updates the cognitive state which is the esti-

mated state for the user. If the current bitrate is not suitable

to the current network condition, the module recommends

the user to change the video profile. However, to avoid the

cognitive dissonance, the module waits to present the rec-

ommendation until the probability that the user selects the

desirable choice is high.

Thus, the key functions of the recommendation module

are (1) how to update the estimated cognitive state with ob-

served value, (2) how to detect whether the current bitrate

is inadequate to the current situation, and (3) how long the

module postpone the recommendation.

The rest of this section describes how to detect the situa-

tion change when switching the bitrate is required and how

to determine the recommendation timing.

3. 2 Detecting Situation Change

The module detects whether the current bitrate equals to

the best bitrate in the aspect of the QoE. under the cur-

rent observation. If the current video profile q is not optimal

video profile πx with the current situation x, the module de-

termines that the recommendation is required to change the

profile.

3. 3 Determining Recommendation Timing

To avoid the wrong selection by the cognitive effect, the

recommendation should wait for the timing when the prob-

ability to select the best profile is close to 1. Although the

cognitive state of the user approaches to selecting the best

video profile by the update with observed information, the

cognitive effect distorts the user’s decision from the best pro-

file. For instance, frequent recommendation fixes the user’s

decision regardless of the current network condition.

On the other hand, postponing the recommendation de-

lays the response to the changing network condition. If the

module recommends the user to switch profile too long after

the network condition change, the buffer may be empty and

rebuffering occurs.

Moreover, the repeating recommendation is acceptable if

the user selects the wrong video profile with the previous

recommendation. Even when the user changes to the best

video profile with 2 or 3 times recommendation, the QoE

degradation is avoided unless the profile is changed before

the rebuffering occurs.

Thus, the recommendation module should select the rec-
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ommendation timing so that the user can decide to change

to the best profile quickly with repeating recommendations.

That is, the recommendation module calculates the recom-

mendation timing to minimize the time to change the user’s

decision to the best profile.

We describe the probability of user to select the optimal

video profile πx at time t as pπx(t). If the recommendation

is conducted each time when the probability becomes pπx(t),

the number of recommendation nt required to lead the user

to select optimal decision follows the geometric distribution

with parameter pπx(t). Thus, the expected value of nt re-

quired to select the optimal profile is 1
pπx (t)

.

The total time required to change to the optimal profile by

the user’s decision is t × nt. In order to minimize the total

time, the recommendation module should recommend to the

user with the time interval topt :

topt = arg min
t

E[t× nt] = arg min
t

t

pπx(t)
. (10)

With the interval topt, the recommendation module periodi-

cally recommend the user to change the video profile.

4. Evaluation

In this section, we evaluate how the proposed recommen-

dation system works on the real video player. First, we

show that the proposed recommendation algorithm avoids

the quantum Zeno effect by selecting the timing to recom-

mend. The, we show the effectiveness to implement the rec-

ommendation engine as an agent. That is, we confirm that

additional computation cost on the user’s terminal is low,

and the communication delay can be suppressed.

4. 1 Experimental Setting

Before we show the evaluation result, we explain the

setting for the evaluation. In this evaluation, the video

streaming is conducted over the recommendation system

with MPEG-DASH.

We use the video file which is prepared by the DASH In-

dustry Forum for the demonstration of the reference player

Dash.js. The video has 10 profiles whose bitrate is ranged

from 254 kbps to 14931 kbps and the segment length is 4 s.

More detail about the video file is described its MPD file [15].

To verify that the recommendation is appropriately con-

ducted when the environment changes, we manually drop the

network throughput during the streaming by the network

emulator. First, the network throughput is set to 10 Mbps.

After 30 seconds video playing, the network throughput is

dropped to 4 Mbps.

To show the effect by considering the cognitive model, we

compare the proposed recommendation method with a rec-

ommendation method which does not consider the user’s cog-

nitive state. That is, the method conducts the recommen-

dation to the user when the current bitrate differs from the

optimal bitrate.

Assuming that the user follows the quantum decision-

making model, we use the quantum decision-making model

to decide the bitrate instead of the actual user.

4. 2 Avoiding the Quantum Zeno Effect

Even when the network throughput decreases, the user

may still think that the current bitrate is suitable since the

user does not have enough evidence for the degradation of

the throughput. In this situation, the user selects the wrong

profile with high probability unless the recommendation is

postponed until the user’s cognitive state is updated. Thus,

we verify that our recommendation algorithm can avoid such

cognitive bias by considering the user’s cognitive model.

Fig. 1 shows the duration of rebuffering, that is, the how

long the video streaming stopped at the time. Fig. 1(a) is

the result of video streaming with our proposed method, and

Fig. 1(b) is the result of a simple recommendation method.

At the first time slot, the video streaming is stopped be-

cause the video player loads several segments to play the

video smoothly. Thus, the rebuffering occurs for both the

recommendation methods.

After throughput degradation at time 30, both methods

try to recommend the low bitrate video profile to avoid the

rebuffering. However, the simple recommendation cannot

change the user’s mind (quantum decision-making model)

and the rebuffering occurs frequently as a result. This is

because the recommending the low bitrate simply when the

current bitrate does not suitable to the current network situ-

ation causes quantum Zeno effect. Although the user’s mind

does not completely change to the new situation, the sim-

ple recommendation method recommends the user to change

the bitrate. Thus, the user tends to choose the current bi-

trate, and this decision makes the user have high confidence

to his/her choice.

In our recommendation method, how the user reacts to

the recommendation is predicted by the quantum decision

model. Thus, the recommendation engine waits to recom-

mend until the user selects the desirable bitrate with high

probability. As a result, the user changes the bitrate by the

recommendation before the rebuffering occurs.

5. Conclusion

In this paper, we implement a new bitrate recommendation

system for the user watching a video streaming by MPEG-

DASH. In our system, the recommendation engine calculates

the best timing to show the recommendation for the user by

using the user’s cognitive model. According to the quantum

decision-making, the user tends to select the same choice

if the recommendation is frequently conducted. Based on
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(a) Recommendation with Quantum Decision-Making
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(b) Simple Recommendation

図 1 Duration of the rebuffering at each time

the prediction from the cognitive model, the proposed rec-

ommendation engine waits to the recommendation until the

user selects the desirable bitrate with high probability. We

implement the recommendation engine as an agent which is

independent of the video player and video server. By deploy-

ing the agent close to the user’s terminal, the agent obtains

the latest information about the streaming while there is

almost no additional computation cost on the user’s termi-

nal. Through the experimental evaluation, we show that our

proposed method can induce the user to select the desired

bitrate. As a result, the proposed method can avoid the re-

buffering when the network throughput drops while the sim-

ple recommendation cannot avoid the rebuffering because of

the user’s bias.

Our future work includes the evaluation of the system in

the edge computing environment. Fitting the model param-

eters with the actual user’s log is also tackled in future work.
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