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Abstract

Aiming to build a web-browsing assistance system that enlarges characters when users have difficulty
identifying them and fix their gaze at them, this study proposes a method for predicting the occurrence of
character identification difficulty during web browsing based on eye-tracking data. A criterion is needed
to determine when characters should be enlarged. However, establishing such a criterion is highly
challenging because the fixation duration associated with identification difficulty is not necessarily
longer than that of resulting from other factors. Therefore, the criterion is calculated by introducing the
user's saccadic velocity and amplitude as external parameters and classifying their combinations. In this
process, the study employs apprenticeship learning (a form of inverse reinforcement learning), thereby
eliminating the need to evaluate rewards. Moreover, a new algorithm, called “Recurrent Two-Step
Linear Programming Apprenticeship Learning (RTLPAL),” is developed based on linear programming
to reduce processing time and improve accuracy. This algorithm is characterized by the recursive
repetition of two processes: deriving the optimal policy for the apprentice and generating an improved
expert (reward). When applied to eye-tracking data from 10 participants during web browsing, RTLPAL
improves accuracy metrics and reduces processing time to approximately 1/20th of that by SARSA.

Introduction eye movements that occur when character
identification becomes difficult. To enable
rapid prediction and address the difficulty in
setting the criterion, the following measures

[2] were taken:

For users who have difficulty identifying
characters, a web browsing assistance system
that enlarges the character by fixing their
gaze on it would be useful (Figure 1). Aiming
to build such a system, this study proposes
a method for predicting the occurrence of

character identification difficulty based on gaze
data. This browsing system must minimize two
types of errors: enlarging characters when the
user is not experiencing identification difficulty
(Error 1), and failing to enlarge characters
when the user is experiencing identification
difficulty (Error 2). Although a criterion
for determining whether a character should
be enlarged is essential, establishing such a
criterion is challenging because the fixation
time owing to identification difficulties is not
necessarily longer than that resulting from
other factors. Figure 2 illustrates the fixation
time attributable to identification difficulty and
other factors. As shown, setting the criterion
at Level 1 results in two Error 1 occurrences,
whereas setting the criterion at Level 2 results
in four Error 2 occurrences.

There is no supervisor signal (implying
that neural networks are unsuitable tools).
Therefore, reinforcement learning [1] is
effective for this task because, through trial
and error, an agent (learner) can learn the
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Figure 1. Web browsing assistance system
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Figure 2. Fixation time attributable to factors
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* The fixation duration at each fixation point was
increased sequentially, and the agent determined at each
increment whether character identification difficulty
occurred.

* The user's saccadic velocity and amplitude were
introduced as external parameters, and a criterion
for character enlargement was provided based on a
combination of the categories of these two parameters.
This treatment is consistent with the psychological [3,
4] and ergonomic [5] studies.

In reinforcement learning, it is necessary to evaluate
rewards assigned to the agent when an enlargement decision
is successful, so the evaluation process becomes more
complex as the number of categories for the two parameters
increases. Furthermore, the premise of setting the criterion
(threshold) imposes the constraint on the choice of actions:
“At every fixation point where the fixation time exceeds the
threshold, the system must enlarge the character.” This does
not involve a precise prediction for each fixation point; rather,
it requires a uniform threshold across all fixation points to
determine whether to enlarge the character, even though
the predictions (correct action choices) of certain fixation
points are sacrificed. This markedly increases the number of
training iterations. Notably, apprenticeship learning (which is
a form of inverse reinforcement learning) [6, 7, 8] does not
require reward evaluation, and the linear programming-based
algorithm developed by Sayed et al. [9] significantly reduces
the processing time. The algorithm is built on the assumption
that an apprentice makes the best choice when following the
worst expert (reward). Therefore, it has been reported that
prediction accuracy decreases when the expert's selection
deviates significantly from the optimal reward. In this study,
we develop a useful prediction method that improves upon
Sayed’s algorithm. The specific research topics are as follows:

* Incorporate the above constraint into the objective
function of a linear programming problem.

* Develop an algorithm that generates an ideal expert
from many experts and infers an apprentice policy
superior to that of the ideal expert.

Preliminary

Basic Concepts

In reinforcement learning, an agent chooses an action in each
state, reaches the next state, and assesses whether the action
contributes to a future expected cumulative reward. Let S and
A be the sets of all states and actions, respectively. Let S, and 4,
denote the sets of states and actions at each time step ¢, which are
generally random variables. The reward is expressed as function
r(s, a). The agent selects an appropriate action at each step ¢
based on policy z(a | s)=Pr(4,=a | S =), whichis expressed as a
conditional probability. State transitions are expressed as conditional
probability 9(s’| a, s) = Pr(S,= s’| A,= a, §=s). Finally, the future
reward is expressed as an expected value (expected return) with
respect to 7 and 0 as follows:

E(hm Z}/

where T is the length of time steps and y is a discounting rate.
The goal of reinforcement learning is to find a policy 7 that
maximizes V" through repeated learning.

)| 7.,0), (1)
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Environment Variables

A state is defined as the elapsed time at which the fixation
duration evolves step-by-step. If the time increment is Ad, the
state (fixation time) s, at step ¢ (= 0,...,7) is expressed by

s,=F_ . +Ad-t, (2)

where F . = 500 ms (the minimum fixation time). Since the
state is uniquely determined at step ¢ by (2), S={s }, and hence
Pr(S, = s) = 1. This property is specific to the learning task
that we consider. An action is a character enlargement (a = 1)
or non-enlargement (¢ = 0), i.e., A={0, 1}. It is assumed that
s, evolves up to 3000 ms regardless of the choice of action. In
both cases, @ = 0 and a = 1, and the state transition probability

is written in the form
(s, |a,s,)=1.

To address the problem of setting thresholds for character
enlargement mentioned in Introduction, we divide the saccade
velocity and amplitude into N categories and determine a
character enlargement criterion, le( for each combination
of categories (i, j) (1 <i,j < N). The constralnt in Introduction
is described as follows:

s, 2Fix, y =a=1;s, <Fix, ) =a=0. 3)

However, as the number of categories increases, the number
of rewards to evaluate also increases, thereby increasing the
complexity of the evaluation process. Apprenticeship learning
could solve this problem.

A learner decides character enlargement based on policy
T, (a|s) Since 7, j)(a|s) is a probability, the enlargement is
determined by

(l|s)>7z (0|s)3a—1

Here, the policy is decided in a way that maximizes the
expected return. The constraint of (3) can be formulated using
this policy. The constraint implies that the change from a = 0
to a = 1 occurs only once during the evolution of s, Therefore,
by recallmg that 7,  (a | s) is a probability, we only need to
minimize the formula

z[ﬂ-,‘,j (a|st+])_ﬂ-,‘,j (a (4)
(i.4) (i.4)

Furthermore, based on the previous results [2], the reward
and penalty are evaluated as follows:

e To reduce the frequency of Error 1, a small reward is
provided if the enlargement is correct and only a small
penalty is imposed if it is incorrect.

*  To reduce the frequency of Error 2, a serious penalty is
imposed if enlargement is not performed during a long
fixation duration, and if the choice is incorrect.

Prediction model

Expert and Apprentice

For simplicity, the index (i, j) is removed from the notation
of the policy and expected return. When assessing the expected
return, if we use (1), then since we set y = 0.9, the term y'r(s, a )
decreases as step ¢ progresses, thus we adopt the time average of
expected returns as follows:

1 T-1
=*ZV” (s,), where

=Sy

i=t a

V(s,) (s;.a)7(als,). 5)

Let V(#*) and V(z') denote the average of expected returns
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for the expert and apprentice determined by (5). The goal of
apprenticeship learning [6] is to find an apprentice policy such
that

V(/Z'A)ZV(ﬂ'E). (6)
Expert’s Policy and Average Expected Return

Let N, be the total number of fixation points emerging from
difficulty in character identification. For each fixation point i
and each state s, a(s) =l ifa=1and a(s) = 0if a = 0. An
expert’s policy is calculated as

Nd
o1y = 2 )
Nd
To address the problem of accuracy varying depending on

the expert settings, this study provides m types of experts and
a corresponding basis reward function (s, a) (k = 1,..,m).
Table 1 lists the values of the reward and penalty for four
categories into which the fixation duration (500 to 3000 ms) is
divided, reflecting the knowledge mentioned at the end of the
previous section. 7P and F'P denote success and failure for the
prediction of enlargement, and 7N and FN denote success and
failure for the prediction of non-enlargement. Moreover, std is
the standard value assigned to each expert. For example, when
m =5, the values of std are 1800, 2000, 2200, 2400, and 2600.
This suggests that experts with smaller numbers tend to enlarge
characters when the fixation time is short. The final reward is
evaluated as a convex combination of these functions:

u(”ﬁu ):i k,E k( B )’g k,E:L k.E > 0.

k=1
Weight w*£ is the share ratio of each expert. Figure 3 shows the
TP reward and F'P penalty (absolute value) when w*£=0.2 for each
1 <k <5. This demonstrates that rewards and penalties can be
finely evaluated, suggesting that the expert with these rewards
and penalties is an ideal expert. When w*f= 1, k-th expert is
ideal. From this discussion, it is seen that an ideal expert can
be characterized by the weight vector w* =(Wk‘E ., Which
determines the expert’s reward.
The average expected return of each expert is as follows:

. 1=
yhe :?ZVM (s,): where
=0

P (5) = B (sma)a als)

The average expected return of an ideal expert is obtained by
solving the following linear programming problem for w*£:

SE _ < ke EYrk,E
14 —rr‘lﬁxkzz;w yer (7)

Learning by Apprentice

An apprentice first finds a policy that satisfies (6) and then
re-evaluates the weights that maximize the average expected
return, because the return changes owing to the policy change.

Table 1. Basis functions for reward and penalty

Reward Penalty
State
TP TN FpP FN
500 <5,<std - 300 0.25 2.00 -7.00 -0.25
std - 300 <s5,<std 0.50 1.50 -6.00 -0.50
std <5, <std + 300 3.00 0.25 -0.50 -5.00
std +300 <5,<3000 5.00 0.25 -0.10 -10.00
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Figure 3. Evaluation values for the TP reward and FP penalty

Considering the discussion in the previous subsection, the
re-evaluation process can be interpreted as the process of
selecting a new expert. Similarly to the case of experts, the
average expected return for the apprentice is expressed as

Sk, A lTil‘kA
y* :?ZV’ (St),
=0

pha (st) = ZZ}/Hrk (sl.,a)ﬂ'A (als,)

>4 _ < ke Erk,A
v —;w pha. (8)

Note that the apprentice’s weight is set to be the same as that
of the expert, which corresponds to the best reward.

In what follows, the two-step learning approach is explained.
In the first step, a policy that satisfies (6) is obtained by solving
the linear programming problem:

max pr_pr +a(l—zl‘7r‘4(l Is,)—-7"(]s,)
s.t. ZaﬂA (als,)=1 O]

where a > 0 is a constant and P£ is initially given as ¥*. Note
that the constraint condition of (4) is incorporated into the
objective function as a regularization term. It is easily seen
that p+>p* holds. Based on the policy #! with (9), 7 is
computed by P4 =57 w"P* where w'’ is initially given
as whE, In the second step, assuming the existence of a new
expert (pseudo-expert) with the policy 7 (i.e., the substitution
" «x'), we optimize the weights to obtain a larger average
expected return. Specifically, we solve the following linear
programming problem:

m *
k,E Y7k, A
Ew' |4
E

wh o

s.t. kak'E' =1,w" >0, 1<k <m.

V¥ =max

(10)

The two linear programming problems (9) and (10) are solved
until P4 converges. This algorithm is called Recurrent Two-
Step Linear Program Apprenticeship Learning (RTLPAL).
Figure 4 presents an overview of the RTLPAL algorithm. In
summary, the apprentice first learns its own policy based on
the expert’s reward, and then the pseudo-expert is updated
such that an optimal weight vector is found. These two
processes are repeated until the apprentice’s average expected
return converges.

Experiment

The stimulus consisted of a virtual website featuring
computer peripherals. The website contained images, names,
and detailed descriptions of 15 products, with approximately
200 Japanese characters per description. The layout presented
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Algorithm (RTLPAL algorithm)
1: Input: Compute V*F based on rewards and penalties in Table 1.

Derive maximal average expected return V%

2: Initialization: VE" = V£, wlk'E* =wkEfork=1,..,m.
3: forl=1,2,..do
4: Find a solution {* to the linear program:

n}raAX VIA - 1715‘ + a(l = Yelmf (Useer) — i (s D)
1

st Zemf(als,) = 1

where an apprentice’s average expected return is computed by
DA — ym kE' kA (kA . A

VA =Yreaw Y (/%" is derived based on {*)

5. If|PA— VA | < el = 2)break

6: Find a solution w/%%" to the linear program:
max Y7L whE VA st Y wiE = L whE 2 0fork =1,...,m
Wﬁ1
Compute a pseudo-expert’s average expected return:
GE* _ ym . KE kA
Vidr = Zx=1 Wi V)
7: end for
8: Return: 7(als,) = ni(als,), V4 = VA

Figure 4. RTLPAL algorithm

the products vertically on a single page, with no page
transitions. The font used was “MSP Gothic” with a size of
16 px, which is consistent with that employed on the Yahoo
Japan website.

The participants were 10 undergraduate and graduate
students (male) in Kanazawa Institute of Technology. The
participants were requested to browse the stimulus site freely,
presented on a 14-inch laptop PC (Panasonic CF-LF), and
click the mouse when difficulty in character identification
arose. During web browsing, participants’ gaze movements
were recorded using an eye tracker (Tobii Pro Spark; 60 Hz).
To increase the frequency of the occurrence of character
identification difficulty, the stimulus was blurred by using
a blur function such that we could reduce the visual acuity
of participants with visual acuity 1.0 or higher to 0.7. The
average number of fixations (duration greater than or equal
to 500 ms) was 436, in which the average number of fixations
when the participants had difficulty identifying a character and
fixed their eyes on it was 40.

The saccadic amplitude was defined as the distance between
each pair of consecutive fixation points. The saccadic velocity
at a certain point was calculated by dividing the saccadic
amplitude at the temporal point by the difference between
the two sampling times. Thus, all fixation durations, saccadic
velocities, and amplitudes were obtained during this browsing.
When saccadic velocities and amplitudes were introduced as
external parameters in the next section, these were divided
into three or nine categories such that the number of fixations
in each category is approximately equal.

Figure 5 shows the total number of fixations by all participants
in each category pair (i, j) (i corresponds to velocity and j
corresponds to amplitude) when the external parameters are
divided into nine categories. The figure indicates that fixations
were concentrated around the diagonal of the category matrix,
suggesting a high correlation between velocity and amplitude
(correlation coefficient = 0.86).

Verification of RTLPAL algorithm

RTLPAL was applied to eye-tracking data from ten
participants to predict the occurrence of character

Japan J Res. 2026; Vol 7 Issue 6
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Figure 5. Total number of fixations in the category matrix

identification difficulties. Twenty-one different experts were
provided; specifically, the standard reward values std were
set from 1000 to 3000 ms in 100 ms increments. The third
and fourth categories in Table 1 were unified if std + 300 >
3000. Moreover, the parameter of the objective function in
(9) is set to @ = 0.1. The results of RTLPAL were compared
with those of the conventional reinforcement learning SARSA
[10]. Simultaneously, we examined how accuracy metrics
(precision and recall) changed when the number of categories
for saccadic velocity and amplitude were modified. Precision
(P) and recall (R) are defined by the following formulas:
P= P and R= TP )
TP+ FP TP+ FN

where 7P, FP, TN, and FN indicate the frequency of occurrence
of the events mentioned in the third section. Since the decreases
in FP and FN induce those of Errors 1 and 2, it is seen that the

increases in precision and recall imply the decreases in Errors
1 and 2.

Figures 6 and 7 show the boxplots for precision and recall,
respectively, comparing the results of RTLPAL and SARSA,
with symbol x denoting the average. In both figures, the vertical
axis indicates the value of each metric, and the horizontal axis
indicates the number of categories. Table 2 lists the precision,
recall, and the number of elements in the 9x9 matrix (denoted
“U”) for which a solution satisfying the constraint (3) was

1.0
0.9 B
0.8 .

O samsa

O ripaL

Precision
=

1-1 3x3 9x9

Huraber of Categories

Figure 6. Precision of RTLPAL and SARSA
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Figure 7. Recall of RTLPAL and SARSA
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Table 2. Accuracy metrics for each participant (9%9)

N RTLPAL SARSA
0.
P R U P R U
1 0.82 0.71 0 0.95 0.68 4
2 1.00 1.00 0 1.00 1.00 0
3 0.96 0.85 0 0.97 0.90 2
4 0.90 0.83 0 0.63 0.76 4
5 0.84 0.77 0 0.74 0.81 0
6 0.88 0.66 0 0.77 0.68 2
7 1.00 0.81 0 0.86 0.86 4
8 0.82 0.75 0 0.90 0.72 5
9 0.84 0.91 0 0.88 0.75 0
10 1.00 1.00 0 1.00 0.88 0
Average 0.91 0.83 0 0.87 0.80 2.1
140
& 120 W SARSA
b O RTLPAL
g 100
g
g 60
D% .'l.J
Uk 1 HH ] H_H_FL
1 2 3 4 5 [3 7 8 9 10
Patticipant

Figure 8. Processing time of RTLPAL and SARSA (9x9)

not obtained through learning, for each participant. Figures
6 and 7 show that both precision and recall improved as the
number of categories increased, with the effect being more
pronounced for recall than for precision. By Figure 6, the
worst level of precision for RTLPAL increased (average 0.91)
for the 9x9 partition. This suggests that RTLPAL can predict
the occurrence of character identification difficulty with the
frequency of Error 1 maintained at an acceptable level. In the
case of the 9x9 partition, recall was at a good level (average
0.83), so RTLPAL is considered a suitable algorithm for
decreasing the frequencies of Errors 1 and 2. Table 2 shows
that, in some cases, a threshold could not be determined using
SARSA, implying that SARSA is not suitable for determining
the criteria for character enlargement. Meanwhile, RTLPAL
always derives a threshold and demonstrates the effectiveness
of incorporating the constraint into the objective function as
in (9).

Figure 8 illustrates the processing times for RTLPAL and
SARSA for each participant in the case of the 9x9 partition.
The figure shows that RTLPAL significantly reduced the
processing time compared with SARSA by up to approximately
1/20th (for Participant 6). In view of the development of a
web browsing assistance system (i.e., systems where users
browse websites daily and a massive amount of eye-tracking
data is obtained), RTLPAL can be clearly a practical prediction
method from a processing time perspective. Note that there
was only one iteration. This is because the rewards and
penalties assessed based on our knowledge were excellent
(Table 1). Consequently, for all elements in the 9x9 matrix,
whkE =1 for some k(=1,...,9), and no updates to the pseudo-
experts were necessary. However, this assessment based on
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Figure 11. Precision (Participant 1)
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Figure 12. Recall (Participant 1)

prior knowledge may only have been valid in the experiment,
which used a virtual website with no page transitions. Actual
web browsing environments with page transitions may
comprise unique web browsing characteristics that are beyond
our knowledge. Therefore, regardless of prior knowledge, it is
necessary to develop a systematic evaluation method, such as
defining the basis function 74(s, @) of rewards and penalties as
a step function. Furthermore, since the evaluation can increase
the number of iterations, we need to investigate the changes in
the processing time of RTLPAL.

We consider the reason for the low precision of Participant
1 in RTLPAL, as in shown Table 2. Figures 9 to 12 show
the distributions of fixation count, threshold, precision, and
recall for Participant 1. First, by Figure 11, the elements with
extremely low precision were (6, 3)-th and (6, 9)-th elements.
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Meanwhile, Figures 9 and 10 show that in both elements,
the number of fixations was low, and the threshold was low
(1100 ms). In fact, Participant 1 reported no difficulty in
character identification even when gaze durations exceeded
those associated with identification difficulty. This resulted
in the threshold being set at a low level, causing Error 1 to
occur frequently. This corresponds to the situation where the
threshold was set at Level 1, as shown in Figure 1. The validity
of this observation is verified by the high recall (1.0) for these
elements, as shown in Figure 12. Therefore, this problem is
expected to be mitigated as the sample size increases.

Conclusion

Aiming to build a web-browsing assistance system that
enlarges characters when users have difficulty identifying them
and fixate on them, this study proposed a method for predicting
the occurrence of character identification difficulty during
web browsing based on eye-tracking data. This prediction is
unique in that it requires determining a threshold for character
enlargement; specifically, characters must always be enlarged
at all fixation points where fixation time exceeds the threshold
even if no identification difficulty is present. Two approaches
were employed to reduce the frequencies of Errors 1 and 2.
Specifically, the threshold was determined in a combination of
saccadic velocity and amplitude categories, and apprenticeship
learning was used to reduce the burden of reward evaluation
in the determination. Based on this approach, we developed an
algorithm based on linear programming problems (RTLPAL),
enabling flexible expert configuration and reducing the
processing time. This algorithm features a recursive repetition
of two processes: deriving the optimal apprentice’s policy
and generating an improved expert (reward). When applied to
eye-tracking data from 10 participants during web browsing,
RTLPAL improved the accuracy metrics (average precision
0.91, average recall 0.83) and reduced the processing
time to approximately 1/20th of that required by SARSA.
Furthermore, we confirmed that RTLPAL consistently yields
a threshold, whereas SARSA does not always. This is because
the constraints can be easily incorporated into the objective

Japan J Res. 2026; Vol 7 Issue 6

function of RTLPAL. These results suggest that RTLPAL is
a suitable algorithm for determining character enlargement
criteria. To efficiently utilize RTLPAL in a real-world web
browsing environment, future work includes assigning initial
experts regardless of prior knowledge and investigating how
this affects the processing time. .
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