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Facilitating Gaze-based Unknown Word Detection Using Pre-trained Language
Models (PLMs)

ANONYMOUS AUTHOR(S)

As non-native speakers learn a new language, encountering words outside one’s vocabulary can impact their reading fluency.
Automatically detecting these unknown words can help drive interactive methods to support reading. Previous methods of unknown
word detection methods rely on gaze features obtained through eye trackers, with their detection accuracy greatly affected by the
accuracy of eye tracking devices. In this work, we present a real-time and high-accuracy unknown word detection method by combining
information about the text with gaze data. We utilize pre-trained language models and knowledge grounding to analyze text for
unknown word probabilities. We then combine this text data with gaze information through a transformer-based model. The accuracy
of our unknown word detection method is 97.6%, and the F1-score is 71.1%. The latency is within 1 second. To demonstrate the
robustness of our method, we applied our method to another dataset collected with a relatively inaccurate webcam-based eye-tracking
system. Our model can achieve the accuracy of 97.3% and the F1-score of 65.1% opening the potential for more accessible solutions

than previously possible. Finally, we explore the applications space that can be enabled by our method.
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1 INTRODUCTION

Unknown words can greatly reduce reading fluency and worsen the reading experience of non-native speakers [17, 22].
By automatically detecting these unknown words, we can assist users in reading and language comprehension, and
make their lives more convenient in non-native language environments. Previous methods mainly leverage gaze features
such as fixation duration, number of fixations, and saccade length [24], since there is a correlation between gaze and
word difficulty [13]. However, these gaze-based methods have two major challenges affecting their accuracy and ease of
deployment. First, these methods require dedicated and costly eye-tracking hardware to obtain accurate eye movement
data for these features. Moreover, even with professional eye trackers, measuring gaze is inherently inaccurate due to
constant eye motions, making it hard to precisely map a gaze point to the word in the text being read [1]. To reduce
reliance on gaze information, other works seek to compensate or replace inaccurate eye-tracking data on commercial
devices by incorporating text [8, 10, 12], click [7] and motion data [9].

With the development of Natural Language Processing (NLP) technology, we explore how to take advantage of the
language model to make gaze-based unknown word detection accurate, easily accessible, and more applicable. We

present a real-time unknown word detection method that leverages the text information processed by the language
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2 Anon.

Text
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to central places, called home bases, where it was shared l nkn own W or ds
and consumed with the young and other adults. The use W
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One innovative approach to these issues involves
studying damage and wear on stone tools. Researchers
make tools that replicate excavated specimens as closely

Fig. 1. Our method locates the content the user is reading in real-time through gaze, and inputs the gaze data and text data to the
transform-based model to detect unknown words.

model to facilitate gaze-based detection. With the language model, the inaccuracy of the gaze-based method can be
compensated by the probability derived from the language model based on the text. First, we verified the feasibility of our
approach using professional eye trackers. Then, we applied our unknown word detection method to the webcam-based
gaze data to show the robustness of our method even with commodity deployments.

As shown in Fig. 1, we tackle the problem of unknown word detection with two modalities of information during
users’ reading, i.e., the positional information of the document and the user’s gaze, along with the contextual encoding
of the document processed with a pre-trained language model. We first identify the sliding window of the user’s
gaze based on the readouts of the eye tracker or webcam. After extracting several key features from the user’s gaze
(position, word distance, fixation duration, etc.), we use a transformer-based encoder-decoder model with cross-attention
modules to encode the positional information of the user’s gaze within the document. In parallel, we also leverage a
pre-trained language model to encode the textual information with several crucial word-level knowledge embeddings
(term frequency, part-of-speech, etc.). By jointly training the models above on our collected dataset, our approach
surpasses existing methods with 71.1 F1-scores and 97.6% accuracy for unknown word detection. With our method,
real-time language learning assistance and a reading assistant in foreign language environments can be enabled.

Our contributions in this work are summarized as follows:

(1) We propose a real-time gaze-based unknown word detection method that integrates the text information
processed by the pre-trained language model. It can achieve the accuracy of 97.6% and the F1-score of 71.1%.
The latency is within 1 second.

(2) We demonstrate that our method has the potential to be easily accessed in everyday life through a webcam-based
unknown word detection system. The accuracy of our model on the gaze data obtained by webcam is 97.3% and
the F1-score is 65.1%.

(3) We illustrate that our method can be applied in a wide variety of scenarios through several typical applications.

2 RELATED WORK

In this section, we illustrate how gaze behavior is related to attention in reading and examine the reading behavior
analysis enabled by tracking gaze. Then, we explain the limitation of the gaze-based unknown word detecting method
and how the previous works improve their performance. After that, we review the cutting-edge unknown word detecting
methods and analyze the gaps in detecting unknown words accurately.
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Facilitating Gaze-based Unknown Word Detection Using Pre-trained Language Models (PLMs) 3

2.1 Gaze in Reading

Reading as a cognitive process affects eye movement [13]. When people are reading, the the eyes follow the text through
small amplitudes, ballistic motions called saccades. The pauses between two saccades are called a fixation [12]. As
per the eye-mind hypothesis, the fixation on a word persists during its processing phase [13]. Consequently, fixation
duration can be a metric for identifying difficult words and measuring cognitive processes in reading. For this reason,
previous research combines fixation duration with other gaze features to predict reading comprehension [4, 18, 23],
detecting mind wandering [3], identifying interest [6], and detecting attention [14] in reading.

Extended periods of fixations on the focal word suggest difficulties in word identification [12], forming the theoretical
basis for detecting unknown words based via gaze. However, it is hard to achieve high accuracy only based on the
fixation because of the inaccuracy of gaze-tracking hardware and algorithms, and the ambiguous relationship between
gaze patterns and the cognitive processes of words. The highest accuracy of eye tracking is 0.3° (2.6 mm when the
distance is 50cm) in optimal conditions, but the accuracy can be easily affected by the calibration performance and user
posture [15]. Thus, how to accurately match the gaze point to the text is a problem. Additionally, other researchers
pointed out that the processing of words can happen when they are not held in fixation [21].

Although there is a strong correlation between gaze behavior and word difficulty, the above limitations make it
difficult to achieve high accuracy in detecting unknown words based only on gaze. Previous gaze-based unknown word
detection methods improve their accuracy by combining multiple gaze features and leveraging text information such as

word length and word rarity [8, 10].

2.2 Unknown Word Detection

According to the importance of gaze in analyzing reading behavior as explained above, most of the related works are
gaze-based. iDict [12] detects the unknown word based on gaze duration and word frequency and sets a threshold to
trigger a gloss or margin note on problematic words. It successfully detects 36.5% of problematic words. Later works
extend iDict by replacing the threshold function with machine learning. Hiroka et al. [10] uses several gaze features
such as first gaze duration, number of fixations, and number of regressions and feeds them into support vector machines
(SVM) to classify the unknown word. Their model performs best (F1-score is 55.6%) when adding linguistics features
including word length and word rarity. Similarly, Garain et al. [8] also takes both gaze and linguistics features into
consideration to achieve the best F1-score of 86% on a single user using an SVM. However, all these methods rely on a
dedicated eye tracker to obtain accurate enough gaze data to extract the gaze features and match these features to the
words. Furthermore, in their experimental design, the line spacing was set between 3.0 to 6.0, which makes it hard to
apply their methods to real-world scenarios.

Apart from gaze, other reading behaviors such as mouse clicks and hand motions can be used to detect unknown
words. Ehara et al. [7] gives users potential highlights in advance and analyzes users’ feedback based on their clicks on
the web page. Predictions are improved based on this feedback, reaching an accuracy of up to 80.01%. Higashimura et
al. [9] is targeted at vocabulary acquisition on smartphones and identifies unknown words utilizing the motion data
obtained from the inertia sensors on smartphones. The estimation improves through the reading and the AUPR is
about 0.3. Both methods are device-specific and only applicable to a single user as they need to be optimized based on
personalized iterative feedback for higher accuracy.

In summary, the current best-performing detection methods combine gaze and text data. However, these current

methods still rely on accurate gaze data via expensive eye trackers within laboratory environments. A real-time method
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4 Anon.

that is robust to relatively inaccurate gaze data from a webcam can promote the availability of unknown-word detection.
We seek to build upon the rapid development of natural language processing (NLP) technology in recent years to yield
such a solution. Pre-trained language models such as [5, 16] encompass extensive text information for downstream
applications. We seek to harness their capabilities in a new architecture to increase the tolerance of inaccuracy in gaze
tracking. We propose a transformer-based model that requires information from a sliding window around the gazed

words.

3 UNKNOWN WORD DETECTION METHOD

In the section below, we first evaluate our method on the data collected using a dedicated eye tracker to substantiate its

efficacy. Then we apply our method on the webcam-based data to demonstrate its robustness and availability.

3.1 Data Collection

3.1.1 Implementation. We built a system to collect gaze data through eye trackers and webcams at the same time. We
used Tobii Pro Nano ! eye tracker whose sampling rate is 60Hz and streamed its data to the computer through a Python
script. For webcam data, we used a SeeSo 2, a remote eye tracking platform, by integrating it into our PDF reader. To
get the text information including their contents and their positions, we built a web-based PDF reader based on an
open source Github repository 3. This platform can record gaze data using Seeso, retrieve text information when users
finish reading, and record users’ clicks while they are labeling their unknown words after the reading. The laptops
we used are Macbook Pro (CPU: Apple M1 Pro, RAM: 16GB, Storage: 512GB) and Huawai MateBook D14 2022 (CPU:
i5-1155G7, RAM: 16GB, Storage: 512GB).

Input Device | |
Do
1 1

|Eye Tracker H—:—'| Tobii SDK |—-| Calibration '—' Re(c;zlz'zer : Gaze Points

Python Script

| Webcam

Click Event |,
Listener

PDF Viewer i
_ Text
Web-based Retriever !

PDF Reader 1oy

1

1

1

| Gaze Points |
1

1

1

1

Seeso SDK '—-| Calibration '— Re(;‘z:(eler . E
1

1

1

| Labels |}
1

1

1

[ Tt ]|
1

1

1

Fig. 2. The data collection platform includes a Python script to read eye tracker data and a web-based PDF reader to read webcam
data and record word labeling.

!https://www.tobii.com/products/eye-trackers/screen-based/tobii-pro-nano
2https://seeso.io/
3https://github.com/zotero/pdf-reader
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3.1.2  Participant and Material. We recruited a total of 20 undergraduate and graduate students (5 females, 15 males)
whose second language is English. Their ages range from 21 to 26 years old (M = 22.85, SD = 1.65), and the number of
years they have studied English formally ranges from 9 to 21 years (M = 18.70, SD = 3.27). Among them, 16 people
wore glasses during the data collection and 4 did not. The reading materials contain 120 articles from TOEFL and GRE
reading with an average length of 363 words per article and 43534 words in total. We organized the text into a common

paper format, which is single-spaced and has two columns. The font is Times New Roman and the font size is 10.

3.1.3  Experiment Design and Procedure. Twenty participants were divided into four groups, and participants in each
group read the same 30 articles. These 30 articles were divided into 3 days to read, which took about an hour each
day. We divided the reading into 3 sessions to ensure that the participants weren’t fatigued by the lengthy reading.
There was a calibration session before the data collection started for each participant each day to calibrate both the eye
tracker and webcam eye tracker. Participants can choose to take a break or not after reading the fifth article according
to their level of fatigue. If they chose to take a break, there would be re-calibration before the collection was restarted,
considering that the person’s sitting posture had a great impact on the accuracy of eye tracking.

Participants read each article twice. During the first pass, eye movement data were collected while participants were
reading. In the second pass, participants were asked to mark the unknown words they encountered in the first pass,
and eye movement data were not collected for the second pass. Participants started the second pass right after the first
pass to restore the feelings of the first time and help participants recall as much as possible the unknown words they
encountered in the first pass. We separated the collection of gaze data and the labeling of unknown words in order to

avoid mouse clicks from affecting the user’s normal eye movement behavior when reading.

3.2 Data Preprocessing

To support unknown word detection in real time, we used a sliding time window to segment the data. The length of the
window is 1 second, and the overlap between the two windows is zero. The data processing includes two steps. First,
we located the text the user read within 1 second using the coordination of the gaze sequence. Then, we processed
the raw gaze data and text data into 3 types of information which are gaze, text, and knowledge for each word in the

sliding window.

3sRaw | ! Moving

N paleoanthropological
Gaze Data | i_Average

Gaze

1 Re-sampling §—> Gaze Data

Gaze (%, y)

Text
l Knowledge

Removing 1s Text i
. B Tokenization | Token-level Text Data sites
Outliers Data [ ome |
1 Text
what the ecc !4 2] and food-choice contexts of { Knowledge

ryeys of
Riopment and testi Word Term FrequenCY, development

heories, and advatices mcottiog | Candidates ™| part of Speech, [ Word—lla/el | e ]
) ontributing to knowledge : aleoanthropological . Knowledge
Window:, human prehistory. 15 = _IOPO == Named Entity Dat & [ Tex |
sites " ata
Recognition ...

development
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v

Fig. 3. A bounding box is derived from the gaze coordination within a 1-second sliding window. The gaze data, token-level text data,
and word-level knowledge data are calculated for each candidate word in the bounding box.
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6 Anon.

As shown in the left part of Fig. 3, we firstly de-noised the gaze data to locate the content the user is reading by
getting the bounding box of the gaze coordination. Blinking can cause sudden changes in gaze data in the y direction,
which will cause the bounding box to be abnormally large. We removed these outliers to avoid the extra-large bounding
boxes. We analyzed the distribution of the range of the y-coordinates of the gaze data within 1 second (average, std).
When the distance between a small subset of the data in a window and the other part of the data (definition) exceeds
the width of three lines, we removed the smaller portion of the data. If the y-coordinates of all data in the window
fluctuated greatly, we ignored this window.

After getting the bounding box of 1s gaze (red dotted box in Fig. 3), all the words except the function word (such as
articles and conjunctions) in the box were regarded as the word candidate. For gaze data, the 1-second window was
extended into the 3-second window by adding one second before and after the window. The consideration for this
extension is that the word identification span is about 7-8 characters [20] and the average reading speed of participants
is 2.51 words per second. We applied the moving average filter and re-sampled the gaze data collected by webcam but
not eye tracker, because webcam-based data is more noisy and the sampling rate of it varies from 24Hz to 27Hz. For text
data, we tokenized the content within the 1-second window. We also added prior knowledge such as the term frequency,
part of speech, and named entity recognition to each candidate word. In the example shown in Fig. 3, finally we got
3 samples from this 1-second window which are 3 words with their gaze data, token-level text data, and word-level
knowledge. Labels of these words are directly derived from the mouse click file.

Compared with the data collected with eye trackers, the data collected with the webcam is noisier, and the data
quality is more affected by the user’s sitting posture. Therefore, we aligned the data of the first article read by the user
in each session with the coordinates of the article and applied the parameters of this alignment to other articles in this

session.

3.3 Unknown Word Detection Model

The goal of our model is to classify whether a word is an unknown word or not using both gaze information and text
information. We use the encoder-decoder architect to encode the positional gaze and text information into the vector
space. We also leverage the RoBERTa [16] to integrate the text information. Moreover, we also add the prior knowledge

to take the use of the word-level information. The overall architecture of our model is shown in Fig. 4.

3.3.1 Positional Data Encoding. To accurately capture the correlation between the user’s gaze and the document,
we adapt the model architecture from T5 [19], the state-of-the-art encoder-decoder language model to process the
positional data from those two modalities, where the encoder learns to capture the user’s gaze pattern and the decoder
is expected to predict whether a token belongs to an unknown word of the user, based on the encoder’s outputs and the
tokens’ positional data. For the encoder part, we feed the raw and the moving averaged gaze trace to let the model
capture both the fine-grained and general positional information from the user’s behavior. As for the decoder part,
instead of using the token-level positional data as the inputs only, we also calculate the averaged gaze-token distance
d(g, w) and the approximated fixation time (g, w) (the length of the time when the user’s gaze lives in the bounding

box of the token) for each token w

Ng i Ng i s t
i1 9x W§+W§)2+(Zi=19y Wyt wy

dg.w) =y/( N, 2 N, 2

)2 ®

t(gw) = [{(gh, 911 < i < Ny Awg. < gy < wh Aw) < gy < wi} @
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Fig. 4. Our model includes an encoder-decoder model to encode positional data, a pre-trained ROBERTa to encode text information,
and learnable embeddings to encode the knowledge. The concatenation of these three matrices is input to a binary classifier.

t
y

box of the token w, while gx and gy, are the user’s gaze trace on x and y axis, respectively. Overall, this encoder-decoder

where Ny is the number of gaze samples within the sliding window, w5, wl, w$ wl are the coordinates of the bounding

model can be summarized as

Hy = Encoder(gx,gyyg;aw’ gg'aw v
P= DeCOdeI’(Hg’ Wxs Wy, d(g.w). t(g: w)) ®

where gx, gy are the moving-averaged gaze positional data, gy*", 97"’ are the raw gaze data without filters applied,

wx, wy are the positions of each token, and Hy is the final encoder outputs, which is used as the inputs (more specifically,

keys and values) of the cross-attention modules in decoder layers.

3.3.2 Textual Information Capturing. We utilize a pre-trained RoBERTa, a widely-used pre-trained language model
based on the transformer architecture, to encode the text information. The layer consists of a self-attention module and
a feed-forward layer. The structure can help the model better encode the text by using the surrounding text to establish

the context. It encodes text data s € Rt into Z € R™xt*"r in which the n, is the hidden dimension of RoOBERTa.
Z = RoBERTa(s) (5)

3.3.3  Knowledge-grounded Enhancement. The pre-trained language model takes the tokens instead of words as the
input. The word-level information may be lost during the tokenization. Therefore, we introduce word-level knowledge
including the term frequency, part of speech [2], and named entity recognition [11] to utilize word-level information.

These features are encoded into a knowledge matrix K € R™txt X"k,
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8 Anon.

Table 1. Statistics of our collected data.

#Users #Documents #Train Data #Dev Data #Test Data #Tokens #Unknown Tokens

20 120 9802 980 980 380,524 25,233

3.34 Training. We combine the encodings of the three modules’ outputs as the inputs for the final classifier layer, a
logistic regression module for binary classification. We fully fine-tune our model, including the positional encoder-
decoder module, the RoBERTa pre-trained module, the knowledge embeddings, along with the final classifier on our
dataset. It shall be noticed that the task of unknown word detection is significantly class imbalanced, where on average
there are 15 times more negative tokens (known words) than positive ones (unknown words). To mitigate this issue, we

use the focal binary entropy loss for our model’s training which re-weights the loss term for more robust training:

H=[P;Z;K] (6)
p=0(W,-H+by) (7)
L(p,§) =—ag(1-p)Vlog(p) - (1 - a)(1 = §)p"log(1 - p) (8)

where p is the model’s prediction logits, ¢ is the ground truth, while & and gamma are the hyper-parameters that

control the weight between the two classes and the speed of the model’s focus on difficult examples, respectively.

4 EXPERIMENT
4.1 Main Results

The statistics of our collected dataset are shown in Table 1. We fully fine-tune our model for 30 epochs with the batch
size of 32 on our dataset. The learning rate of the positional encoder-decoder model is set as 1e-3, while the rest of the
model’s learning rate, including the RoBERTa backbone, knowledge embeddings, and the classifier are set as 2e-5. The
sample rate of the user’s gaze is set as 60 Hz, with a maximum length of 3 seconds, while the maximum number of
context tokens is set as 64.

We compare our method to three baselines, i.e., heuristic rule based on gaze-word distance, word fixation time, and
the logistic regression model trained with these two features above, plus word term frequency, part of speech, and
named entity tags.

We report word-level accuracy, precision, recall, and F1 score in our experiments. In detail, a word is recognized as
unknown if there exists at least one token within it predicted as positive. We report the F1 score on the test dataset,
after selecting the best model based on the F1 score on the dev set throughout training with early stopping, with the
binary classification threshold searched between 0 to 1 with the step of 0.01.

The main results of our experiment are shown in Table 2, where we can see that the performance in general, including
accuracy, F1-score, precision, and recall of our model trained and tested with data collected with the eye tracker are
always better than with webcam. These results highlight the importance of accurate user gaze capturing. Meanwhile,
we can see that the performance of our method trained with data collected with the webcam, even though slightly
worse compared to our method trained on eye tracker collected data, is still far better than previous methods trained on
more accurate eye tracker collected data, which further prove the efficacy and robustness of our method.
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Table 2. The Main Results of our method compared to heuristic and logistic regression baselines, backed with eye tracker and webcam
collected user gaze data.

Device Method Accuracy F1 Precision Recall
Eye tracker Distance Heuristics 76.6  20.6 13.3 45.5
Eye tracker Fixation Heuristics 824 229 16.2 39.1
Eye tracker Logistic Regression 96.6 234 15.9 44.5
Webcam Distance Heuristics 74.1  19.7 12.1 54.0
Webcam Fixation Heuristics 78.6 216 13.8 50.0
Webcam Logistic Regression 96.7 203 13.0 45.6
Eye tracker Ours 97.6 71.1 63.3 79.0
Webcam Ours 973  65.1 60.3 69.7

Table 3. Ablation study with eye tracker collected gaze data.

Method Accuracy  F1 Precision Recall
Our method 97.6 71.1 63.3 79.0
w/o textual encoding 41.8 220 13.5 35.2

w/o gaze encoding 97.5 68.5 63.5 74.4

w/o knowledge embedding 97.6  69.2 68.4 70.0

4.2 Ablation Study

As shown in Table 3, we conduct ablation studies on our method by removing the contextual encoding (the use of
PLMs), gaze encoding (the positional encoder-decoder), and the knowledge embeddings, respectively. Firstly, the results
indicate that after removing the use of the PLM, our method’s performance, regarding all four metrics, significantly
decreased with a huge gap, which proves the effectiveness of using PLMs for better capturing the contextual information
of the documents in the task of unknown word detection.

Furthermore, our model’s performance also has a minimal decrease after removing the gaze information or word-level
knowledge. Moreover, we can find that after removing the user’s gaze positional information as the input, the model’s
recall decreases, while its precision remains almost unchanged. This phenomenon implies that gaze patterns, for
example, word fixations and gaze-word distances, are helpful for identifying an individual’s unknown words based
on the user’s unique behaviors and patterns. In such cases, it is possible that the model fails to correctly predict the

difficulty of a word for the user adaptively because of the lack of user-oriented data.

4.3 Cross-User Generalizability

We evaluate our method with the cross-user generalizability with the leave-one-out setting, where the data collected
from 18 randomly-selected users are set as the training dataset, while the rest of the two user’s data are used as the
dev and test sets. We find that in cross-user settings, the accuracy of our method slightly drops to 97.29%, with the
F1 scores, precision, and recall decreasing to 59.6%, 52.8%, and 68.4%. This result also proves the fact that the efficacy
of the use of PLMs comes from their internal knowledge of identifying tokens in difficult words, which are generally
recognized as unknown by most users. However, over-relying on this factor could weaken our method’s performance
in cross-user generalization settings.
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10 Anon.

4.4 Latency and Memory Consumption

To demonstrate the capabilities of our method being used in real-time applications, we evaluate our method’s latency
with both CPU and GPU usage during inference. We set the batch size as 1 during inference latency testing. In GPU
usage testing, we test the model with an RTX 4090 graphic card, where the average inference latency of the model is
0.013 seconds. Meanwhile, in CPU usage testing, the model’s latency is 0.036 seconds. Overall, these results indicate
that our method can support real-time applications with latency within 1 second. Moreover, under both settings, the
maximum memory consumption of our model is 488.41MB, further proving that our method can be easily adapted to

different on-device settings, widening our method’s practicality for various downstream application supports.

5 APPLICATIONS

Many applications can be enabled by our unknown word detection method by acquiring use’s unknown words during
reading in real time. Foreign language reading can occur in two scenarios. One is literature reading and language
learning on 2D interfaces such as laptops or pads. The other is getting information in the surrounding environment
through a 3D display such as AR glasses and head-mounted devices. We then discuss the potential applications of our

method in these two scenarios.

5.1 Language Learning Assistance

We can divide the functions of language learning assistance into two categories: real-time and non-real-time. By
supporting real-time unknown word detection, our method can make translation less obtrusive and help users read
more fluently. Our method can track gaze to locate text areas (the sliding window in Fig. 5) and detect unknown words
in the area. Then, the application is able to translate these unknown words automatically. It can save users the time of
copying and pasting words into the dictionary or retrieving words through the cursor, as well as reducing interruptions
to users’ reading. At the same time, unknown words can also be automatically added to the user’s word list, allowing
users to view them at any time.

If the overall reading performance is considered and the real-time feedback is not necessary, many applications
can be enabled by summarizing and analyzing the unknown words encountered during the reading process. Potential
applications include generating flashcards to facilitate users’ memory, counting the user’s vocabulary mastery to provide
users with learning reports and assessing the forgetting rate to offer users a personalized word learning plan. Combined
with generative Al it is also possible to generate new documents based on recently encountered unknown words. This
can help users consolidate vocabulary in an intriguing way.

In summary, fluent reading and efficient word learning are the most urgent needs of second language learners. The
highly accurate unknown word detection provided by our method can assist users’ language learning in either real-time

or summarized manner.

5.2 Reading Assistant in Foreign Language Environment

With the development of augmented reality technology, head-mounted display devices such as Apple Vision Pro* will
gradually be integrated into daily life in the future. This will allow reading behavior in three-dimensional space to

be captured as well. Therefore, we envision that in addition to reading 2D materials, our unknown word detection

“4https://www.apple.com/apple-vision-pro/
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Fig. 5. Applications in 2D language learning scenario: (Left) Real-time auto translation. (Right) Unknown-word summary and word
learning analysis.

technology will also be used to assist reading in the three-dimensional world. Moreover, AR headsets are generally
equipped with eye trackers, which will enable our method to be easily applied.

Three-dimensional application scenarios include but are not limited to obtaining key information from menus,
manuals, and street signs when traveling or living in a foreign language environment and reading commentaries in
foreign language exhibitions. Compared with directly displaying large sections of translated text in front of users,
providing only key information based on unknown words can reduce the interference to the user’s view and reduce the
user’s burden on extracting key information from a large amount of text. It will provide users with more precise and

less intrusive reading assistance in foreign language environments.
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Fig. 6. Applications in 3D AR scenario: (Left) The user wearing the AR headset encounters an unknown word when reading the
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6 DISCUSSION
6.1 Data Labeling and Preprocessing

Several factors can lead to inaccurate data labeling, thus affecting the performance of the model. The way we label the

data has an inherent flaw. In order to reduce the impact of additional operations on gaze behavior, we asked users to
Manuscript submitted to ACM
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label in the second reading after collecting gaze data in the first reading. However, some users were unable to remember
the unknown words they just encountered the second time, resulting in missed labels. Furthermore, different users have
different understandings of unknown words. Although we have informed users that unknown words refer to words
that they spend extra time thinking about, including words that users take a long time to recall and do not include
difficult words that they skip because those words do not affect comprehension, there are still certain differences in the
definition of unknown words among users. These two points may directly affect the performance of the model.
There is a contradiction between the sophistication of gaze data preprocessing and the generalizability of the method.
Even using a professional eye tracker to collect data, there is still an obvious drift in the data. If we use gaze features
such as fixation number and the jump on x direction caused by a newline, the resulting data will be clearer and more
beneficial to the results. However, this complex preprocessing will make it difficult to generalize the method to the
inaccurate data collected by webcam. That is the reason why we did not perform operations other than the moving
average filter and re-sampling on the gaze data. Therefore, our result is less than the best our model can achieve on eye

tracker data also caused by this reason.

6.2 Calibration

Calibration is important to obtain high-quality eye-tracking data. But even after the calibration, changes in the user’s
reading posture and light environment can greatly reduce the data quality. The offset will be changed if the participants
move their upper bodies. It will invalidate the previous calibration. Apart from this, reflections from glasses can cause
webcam-based eye tracking to freeze temporarily, which will further reduce the quality of the gaze data. Coupled with
the drift of the data, eye-movement data contributed only a small part to the overall performance of the model.

For webcam data, we currently use the data of the first page in each session for calibration. This per-session calibration
will make our method not real-time in the first article. The inherent inaccuracy of current webcam-based eye-tracking
technology causes this issue and it is hard to overcome the influence of users’ posture on webcam-based eye tracking.
Some technologies can detect the user’s distance and head posture relative to the device using sensors on wearable
devices [25]. If the existing webcam-based eye-tracking technology can combined with user posture detection, it is

possible to reduce the impact of user posture on eye-movement data, thereby reducing the times of calibrations.

6.3 Shortcuts in the Learning of Language Model

Now that PLMs are very powerful and have already learned many high-dimension features of different words. Among
them, the level of difficulty could be one of the most significant features. Since the performance drops a lot (41.8%
accuracy and 22.0% F1-score) when the textual encoding is ablated, PLM is extremely good at finding unknown words.
It may cause shortcuts in the classification of difficult words. However, because there is a large overlap of difficult word
set and unknown word set for many users, it is also reasonable that PLM contributes a lot to the improvement of final
performance. Despite of the high contribution of PLM, our model is still able to learn from gaze, because the F1-score

and recall decrease after the gaze is ablated.

7 CONCLUSION

We propose a high-accurate and real-time unknown-word detecting method that facilitates gaze-based detection using
pre-trained language models (PLMs). The text embedding derived from the PLM and the knowledge grounding provide
probabilities for candidate words, and the gaze data supply behavior information to the model parallelly. The evaluation

shows that it achieves the accuracy of 97.6% and F1-score of 71.1%. The latency of it is within 1 second. Our method
Manuscript submitted to ACM
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also works on noisy gaze data acquired by webcam, which demonstrates the accessibility and applicability for daily use.

After the per-session calibration, the accuracy is 97.3% and the F1-score is 65.1%. A wide range of applications that

assist foreign language learning and reading can be enabled by our method. Due to the ubiquity of webcams and the

development of AR headsets, we believe that lots of language learners and foreign travelers can ultimately benefit from

our technique.
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