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Abstract

The “keyword method” is a mnemonic technique that can be used for learning
foreign vocabulary by associating a word’s meaning with a phonetically similar
keyword. For example, the Japanese word for “tree” is “ki”, which sounds like
“key” (keyword) so one might imagine “a tree with key-shaped leaves” (associ-
ation). Research in non-contextualised settings (e.g., on paper or screen) shows
that personalised keyword-associations improve retention when learners create
and visualise their own associations. Studies also suggest that externalising these
associations through images enhances recall, while Augmented Reality (AR)
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further strengthens retention by anchoring words to real-world objects. How-
ever, existing AR studies have only explored predefined keyword-associations
with expert-designed visuals, leaving a gap in understanding how personalised
and predefined approaches compare in contextualised AR learning. To explore
this, we developed ARText, an AR system that visually annotates real-world
objects with (i) their corresponding words in both English and the target lan-
guage, (ii) keywords, and (iii) visual representations of associations, generated
using text-to-image synthesis. Participants experienced keyword-associations in
both personalised condition (keyword-associations created by users) and pre-

defined condition (keyword-associations designed by experts). The findings
indicate that participants preferred predefined keyword-associations. This con-
dition also facilitated faster and more efficient word recall. In this paper, we
discuss possible reasons for these outcomes and explore their implications for
designing future AR-based vocabulary learning systems.

Keywords: Keyword Method, Text-to-image Synthesis, Augmented Reality,
Contextualised Vocabulary Learning

1 Introduction

Expanding vocabulary is an important aspect of learning a foreign language, and
several techniques exist to support learners in this process [1]. Each technique employs
a distinct mechanism to aid retention. For example, (i) formal learning, such as reading
and rehearsing words, relies on repetition only, (ii) flashcards, with a foreign word
on one side and its translation or image on the other, rely on creating a mental link
between what is on the front and back side of the card through card flipping, (iii)
physically labelling objects in the environment, such as placing post-it notes on them,
rely on the environmental context, (iv) and mnemonic strategies, such as the keyword
method, enhance memorisation by linking new vocabulary to prior knowledge through
elaborate encoding techniques using visual, spatial, semantic, or acoustic cues.

Several of these techniques rely on visual stimuli, either through external
images/objects (e.g. flash cards, labelled objects), or mental visualisations. The lat-
ter is used in the keyword method, which requires learners to mentally visualise an
association between a foreign word’s meaning to a phonetically similar keyword [2, 3].
For example, a Japanese word for a “postcard” is “hagaki” (written in rōmaji), which
sounds similar to “hug a key” (keyword), and the imagined scene between the two can
be “a hand hugging a key on the postcard” (association). When recalling the word,
reconstructing this mental image aids memory, which has been shown this method to
be an effective vocabulary learning strategy [4].

Learning foreign words in real-world context, such as by labelling objects in one’s
surrounding, has also been shown to enhance vocabulary learning [1]. Augmented Real-
ity (AR) supports such learning by overlaying digital elements onto physical objects,
combining real-world scenes with augmented visuals [5, 6]. Recent studies has demon-
strated the effects of integrating AR and the keyword method by augmenting real
objects with expert generated predefined keyword-associations and corresponding
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images of associations [7, 8]. However, predefined keyword-associations have limi-
tations: (i) they are restricted to a predetermined set of objects, making it difficult
to expand to new words, and (ii) they do not allow users to come up with their
own personalised keyword-associations. Personalised keyword associations promote
deeper cognitive processing by linking new information to prior knowledge, fostering
meaningful connections [9], and improving long-term retention and recall [10, 11].

Externalising mental visualisations for personalised keyword-associations was very
difficult or close to impossible, until the recent advent of text-to-image generators,
such as OpenAI DALL-E 2 1 [12] or Stability-AI Stable Diffusion2 [13]. These tools can
generate images with semantic coherence based on natural language inputs, such as
“a hand hugging a key on the postcard”. Recent studies have shown that externalising
personalised associations with images enhances retention compared to traditional men-
tal visualisations [14]. Building on this, we integrated a text-to-image generator into an
AR system called ARText, that combines personalised keyword-associations with visu-
alisations and contextualised learning of vocabulary—a novel approach implemented
for the first time in our prototype, ARText as seen in Figure 1.

Fig. 1 ARText vocabulary learning system: (a) Initial AR annotations of the object with the English
word (Noodle) and the Slovenian word (Rezanci); (b) The smartphone application for users to come
up with and enter the personalised keyword and description of the association for a given word;
(c) The selection menu presenting four different images generated using DALL-E 2 text-to-image
synthesis with the description of the association as a prompt; and (d) AR view showing the same
scene as in (a) together with the selected image, the keyword, and the description of the association.

ARText system offers two modes: (i) predefined keyword-associations and their
visualisations designed by experts using phonetically similar English words, or (ii) per-
sonalised keyword-associations, where users create their own and generate images
in real-time. The system then dynamically annotates real-world objects in AR with
keyword-associations and their visualisations. Using our system we aimed to compare
predefined and personalised keyword-associations in contextualised AR environ-
ments in terms of learning outcomes (e.g., retention and learning efficiency) and user
preference, as well as what design considerations should be taken into account to
optimise the use of keyword method in vocabulary learning AR systems?

Our results show that predefined keyword-associations outperform person-

alised ones in memory recall (immediately after the study and delayed after 7 days),
task completion time, and learning efficiency (immediate and delayed). Additionally,

1https://openai.com/index/dall-e-2/
2https://stability.ai/
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predefined condition required significantly less mental effort and was preferred by
most participants, who found it helped them retrieve words more quickly and easily.
In our discussion, we explore possible reasons for these findings and their implications.

2 Research Background

In this section we identify and analyse the relevant literature on keyword method,
text-to-image synthesis, and context-based vocabulary learning in AR.

2.1 Mnemonics and the Keyword Method

Research on memory and learning suggests that comprehension and recall depend on
instructional methods that influence how information is processed and stored [15].
In language learning, incidental vocabulary acquisition (e.g., through reading) is less
effective without systematic vocabulary learning techniques that reinforce memo-
risation [16, 17]. Mnemonics are one such technique [18–20], enhancing recall by
linking new information to prior knowledge using visual or acoustic cues. Various
mnemonic techniques exist, including phonetic systems, keywords, rhyming words, or
acronyms [18, 19, 21–25].

One of the mnemonic technique used in vocabulary learning is the so-called “key-
word method”, which requires learners to mentally visualise an association between a
foreign word’s meaning and a phonetically similar keyword [26]. Paivio et al. [27, 28]
proposed that forming mental images aids learning. According to their Dual Coding
Theory (DCT), mental visualisation and verbal cues [27, 29] are functionally inde-
pendent and processed differently and along distinct channels in human mind when a
person encodes information about a particular concept. In vocabulary learning, a con-
cept like “tree” can be stored both as a word and an image, allowing retrieval from
either or both channels, making the keyword and similar methods an effective learning
strategy [1, 20].

The vocabulary learning methods based on mental imagery work best for words
with high degree of “imageability” (e.g. moon vs. truth) [30], or for word pairs (the
foreign word and the familiarly-sounding word) between which the learner can form
some kind of semantic link [31]. Nevertheless, they provide a powerful tool for quick
vocabulary acquisition of such words, given that memorable link clearly relates to the
thing being remembered Besides mental imagery, actual pictures are often used in
vocabulary learning [32] as depicted by a plethora of picture dictionaries combining
words and images (e.g. [33]). Automatically creating images that semantically match
a user-provided text description from the mental imagery is a challenging problem,
which has proved elusive until the advent of Deep Learning, and more concretely until
the advent of deep generative models. In the last five years, different deep genera-
tive models have been devised to synthesise images from text, including Generative
Adversarial Networks (GANs) [34], Variational Auto-Encoders (VAEs) [35], flow-based
models [36], autoregressive models [37], and more recently diffusion Models [13]. They
are nowadays considered state-of-the-art approaches to text-to-image generation.

A recent study explored externalising mental visualisations in the keyword
method with text-to-image generators in a non-contextualised settings on a desktop
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computer [14]. It investigated challenges in externalising personalised keyword-
associations, compared text-to-image models for image quality, and assessed their
impact on vocabulary retention. The findings showed that externalised personalised
keyword-associations enhance recall and reduce mental effort, with DALL-E 2 produc-
ing the highest-quality images. However, the researchers did not compare predefined
and personalised keyword-associations in terms of learning outcomes, user preference,
and efficiency—an important gap we aim to address in this paper for designing future
vocabulary learning systems in contextualised settings of AR.

2.2 Vocabulary Learning in AR

It has been known that learners are more motivated when they see the content as
relevant to their situation or find it engaging [38]. For example, being in a café while
travelling abroad may naturally encourage the desire to learn phrases for ordering
coffee. Such contextual cues help create associations that improve recall in similar set-
tings [5, 6, 39, 40]. This means that words related to the learning environment are
more likely to be remembered than unrelated ones [41]. Augmented Reality (AR) can
enhance learning by providing interactive, context-specific information and extensive
research has demonstrated AR’s potential to support real-world learning, including
vocabulary acquisition. In addition, studies have shown that AR technology for lan-
guage learning can contribute to increased motivation and enjoyment [42, 43]. Some
AR systems display labels for objects with corresponding foreign words [5, 44], while
others create imaginary settings to describe and enhance the characteristics of physical
items [45, 46].

Several studies have explored AR applications for vocabulary learning using
handheld devices. VocaBura [47], a smartphone application for learning vocabulary,
presents vocabulary related to the current location via audio. A study found that par-
ticipants using AR recalled significantly more words after seven days than those using
an audio-only method. Another handheld AR system displayed text, images, anima-
tion and sound next to real-world objects [5]. While initial recall favoured a non-AR
flashcard method, long-term retention showed no difference.

Early AR-based vocabulary learning on AR head-mounted devices (HMDs) used
markers to link virtual content to physical objects. For example, the Wordsense
platform [40] enhanced real-world objects with language-learning content such as
words, sentences, and multimedia, but no formal user study evaluated its effectiveness.
Another system, ARbis Pictus [6], labelled objects with target-language vocabu-
lary and was compared to a flashcard-based method. Results showed AR improved
recall and enjoyment both immediately and after four days. However, differences in
presentation–such as AR displaying words alongside objects while flashcards separated
text and images—-make it unclear whether AR itself or the learning approach led to
better outcomes.

Recent research highlights the benefits of integrating the keyword method with
context-based vocabulary learning in AR [7, 8, 48]. VocabulARy system [7] has demon-
strated that AR condition resulted in better recall, efficiency, motivation, engagement,
and user experience compared to tablet-based learning. However, the system used
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predefined keyword-associations with visualisations, rather than allowing the users
to come up with their own personalised keywords and associations.

Vazquez et al.
(2017) [40]

Hautasaari et al.
(2019) [47]

Santos et al.
(2016) [5]

Draxler et al.
(2020) [44]

Ibrahim et al.
(2018) [6]

Dalim et al. (2020)
[42]

Weerasinghe et al.
(2022) [7]

Attygalle et al.
(2025) [14]

ARText (2025)

Display
Configuration

Data
Modality

Learning
Method

Keyword-
Associations

Generative AI
Model

HMD Handheld Handheld HMD Desktop HMD+Desktop Desktop HMD

Text+3D+Audio Audio Text+Images+Audio Text+Audio Image+Audio Text+3D+Audio Text+Images+Audio Text+Images+Audio

Context-based Context-based Context-based Context-based Experiential Context-based Experiential Context-based

Predefined Personalised Predefined+Personalised

Text-to-image Text-to-image

Fig. 2 Situating our work (the rightmost system ARText) within vocabulary learning of either AR or
keyword method systems based on: Display Configuration (handheld devices, desktop setups, HMDs),
Data Modality (text, images, audio, 3D elements), Learning method (context-based, experiential
learning), Keyword-Associations (predefined, personalised), Generative AI type.

To compare the aforementioned existing approaches we provide a classification
of the design space of either AR-based vocabulary learning systems or the key-
word method systems in Figure 2. Our work on the right side expands the existing
approaches by comparing predefined with personalised keyword-associations within
AR. Thus, our work aims to investigate:

(i) How do predefined and personalised keyword-associations conditions com-
pare in terms of learning outcomes (e.g., retention and learning efficiency,
completion time, mental effort) in contextualised AR environments?

(ii) Which method—predefined or personalised—do learners prefer, find more
efficient, and easier to use in AR?

(iii) What design factors should be considered to enhance the effectiveness of the
keyword method in AR-based vocabulary learning systems?

To answer these questions, we developed ARText—an AR system that provides
keywords and visual annotations of associations, generated using text-to-image syn-
thesis. These keyword-associations are either personalised, created by users based
on their prior knowledge and native/familiar language, or predefined, designed by
experts using phonetically similar English words as a reference.
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3 Visualisation of Keyword-Associations in AR with

Text-to-Image Synthesis

In this section, we describe the ARText prototype, study conditions, study design,
study procedure, participants’ sampling, data collection and analysis.

3.1 The ARText Prototype

The prototype was developed as an AR head mounted display (HMD) application
for Microsoft HoloLens 23 using Unity3D game development environment4 and the
MRTK Mixed Reality tool kit5. For text-to-image generator we selected DALL-E 2, as
it has been shown adequate for this type of task [14] and it was the latest one released
and publicly available at the time of the study.

The system allows the user to observe their physical environment where certain
objects are labelled with an AR button indicating that their translation is available.
Upon clicking on a button, the English and Slovenian words (the target language)
appear (Figure 1(a)). In addition, an audio pronunciation of the foreign word is played.

In the personalised keyword-associations condition, a smartphone (i.e. Google
Pixel 3) was used as the text input device. Upon clicking on the AR button a notifi-
cation is sent to the smartphone application asking users to type a keyword and the
association (see Figure 1(b)). Users then generate images by clicking on the “Generate
Image” button on the smartphone application. The association is used as a prompt for
generating images. Once the images are generated using the text-to-image generator,
a menu containing four (4) images pops up on the AR HMD next to the correspond-
ing object (see Figure 1(c)). Users need to select the image that best represents their
mental visualisation, and once selected, the image appears in AR alongside the object,
accompanied by the English and Slovenian words, the keyword, and the association
(see Figure 1(d). Participants kept the HMD visor down while interacting with the
smartphone, gazing downward to align the screen with their direct line of sight. An
informal pilot study assessed this interaction method, revealing no usability concerns
for brief tasks like typing short phrases.

In the predefined keyword-associations version of the system, the same informa-
tion (i.e., the keyword, association, and related visualisations) is displayed. However,
these are pre-generated, and the user does not go through the process of creating or
selecting them.

The HoloLens’ built-in tracking system was used for camera pose tracking. To ini-
tialise augmentation positions, we used Vuforia [49] along with custom image markers,
which were removed after initialisation. These markers ensured reliable and accurate
detection of physical objects linked to the vocabulary set. While object recognition
techniques [50–52] could enable identification and localisation without prior setup,
allowing broader system implementation, this was not the current aim of the study.

3https://www.microsoft.com/en-us/hololens
4https://unity.com/
5https://docs.microsoft.com/en-us/windows/mixed-reality/mrtk-unity
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Fig. 3 A user wearing the Hololense HMD with ARText prototype and holding the mobile device
for text input.

Careful attention was given to the selection of annotation and image size. Research
suggests that image size influences memory retention during naturalistic explo-
ration [53]. However, in such studies, participants freely examine images without
specific instructions before recalling details. This approach does not ensure equal dis-
tribution of visual attention across the image, and as images shrink, key details become
smaller and easier to overlook.

To prevent participants from missing key information, the application displays AR
information only for one object at a time, preventing scene clutter and information
overload. Furthermore, we strategically placed AR buttons on the physical surface at
close proximity to objects. This guided users to the appropriate physical location from
which AR visualisations are clearly visible as the corresponding annotation and image
sizes were appropriated for such viewing.

3.2 Study Design

We conducted a within-subjects study in two conditions across two vocabulary learn-
ing scenarios. The first scenario involved ten kitchen-related objects on the kitchen
counter, while the second involved ten office-related objects on the office desk. Each
scenario was paired with either the predefined or personalised condition. In the
predefined condition, participants were provided with keyword-associations created
by an expert (e.g., a teacher) along with a corresponding visualisation. In the person-
alised condition, participants had to create their own keyword-associations, generate
the visualisation, and select an image from those generated by a text-to-image gen-
erator. The order of the conditions as well as the order of the learning scenarios (the
kitchen and the office environments) were counterbalanced.

3.3 Participants

The study was completed by 26 university graduate students (Masters’, Doctoral and
Post doctoral) who volunteered and consented to the study. None had prior knowledge
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of Slovenian language. This was confirmed through a short competency test where they
hat to identify the meanings of 10 Slovenian nouns after hearing their pronunciations
and select the correct one from three options. The selection criterion was a lack of
familiarity with any of the words, which all participants met. All the participants
had advanced proficiency in English (TOEIC > 785, working proficiency plus able
to communicate effectively in any situation6, x = 897 and SD = 68.4). The sample
included ten (10) female participants (38.5%). Participants were aged between 23 to
38 (mean of x = 27.4 and SD = 4.1) and were randomly assigned to one of the two
conditions.

3.4 Procedure

Participants were randomly assigned to start with either the personalised or pre-
defined condition, followed by a randomly chosen learning scenario (kitchen or office
environment), with counterbalancing applied After signing a consent form and receiv-
ing a study briefing, participants could ask questions and were informed of their right
to withdraw at any time.

Before the main task, they completed a five-minute training session to familiarise
themselves with the system. They then proceeded with the first learning scenario (10
words), followed by NASA-TLX (mental effort), immediate recall (remembering 10
words), system usability questionnaire (SUS) [54] and a user experience questionnaire
(UEQ) [55]. After a five minute break, they completed the second scenario (10 words)
and repeated the same evaluations. To avoid the fatigue of wearing the HMD we kept
the study under 30 minutes long.

After the experiment, participants completed a questionnaire assessing their views
on retrieval efficiency, ease, and method preference, along with questions about demo-
graphics, AR experience, and their vision. This was followed by a short interview that
explored usability challenges of interacting with a smartphone while wearing an HMD,
as well as gathered feedback about the system and/or experiment. The entire study
lasted 45–60 minutes.

After one week, participants were again asked to answer the same recall question-
naires to assess their delayed recall performance as in prior work [7, 47].

3.5 Data Collection and Analysis

To measure the task completion time (the duration participants spent learning the
words), the time stamp data (start time and end time of the learning task) were
logged by the system. The NASA Task Load Index (NASA-TLX) [56, 57] was used to
measure participants’ perceived mental effort.

In the recall questionnaires, participants were asked to recall the words they had
learnt, both immediately after using the prototype (immediate recall) and one week
later (delayed recall). Learning efficiency was calculated as the ratio of performance
(immediate or delayed recall) to task difficulty (mental effort), as proposed in [58].
Performance and task difficulty data were then standardised using z = (r − M)/σ,
where z = Z-score, r = Raw data score, M = Population mean, and σ = Standard

6https://toeic-testpro.com/blog/
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deviation. Next, the learning efficiency was assessed using E = (zP − zM )/
√

2, where
E = Learning efficiency, zP = Average performance in Z-scores, and zM = Average
task difficulty in Z-scores [58–60].

System usability was assessed using the System Usability Scale (SUS) [61]. User
experience was measured with the short version of the User Experience Questionnaire
(UEQ-S) [55, 62] with eight items/questions, reported on a 7-point Likert scale. The
first four represent pragmatic qualities (Perspicuity, Efficiency and Dependability) and
the last four hedonic qualities (Stimulation and Novelty) [62].

The Shapiro–Wilk test [63] was used to assess normality, confirming that all data
sets were normally distributed. Statistical analyses were conducted with a significance
level o p − value > 0.05 and a 95% confidence interval (CI). A Paired Samples t-
test [64] was used for immediate recall, delayed recall, mental effort, task completion
time, and learning efficiency, while the Wilcoxon signed-rank test [65] assessed system
usability. Statistical significance is indicated in tables using asterisks (ns: p > 0.05, *:
p < 0.05, **: p < 0.01, and ***: p < 0.001).

To asses the reliability of recall questionnaires, we performed a Kuder-Richardson
20 test [66]. The KR = 0.87 > 0.5 value indicates that the reliability is acceptable. We
used a power analysis to validate the study’s results. Effect sizes (Cohen’s d) [67] were
calculated, with the selected minimum effect size (d = 0.73) and estimated statistical
power (1−β), to check whether the type II error probability (β) is within an acceptable
range. Given a sample size of n = 26 per group and a significance level of α = 0.05,
the estimated power of 0.94 confirms a > 90% probability of correctly rejecting the
null hypothesis.

4 Results

The following subsections describe the effect of conditions (predefined and person-

alised) on learning performance (immediate and delayed recall), mental effort, task
completion time, and learning efficiency (immediate and delayed).

4.1 Learning Performance

Learning performance was measured with the recall questionnaires right after the
study (immediate) and after 7 days (delayed). The results are presented in the
following two sections.

4.1.1 Immediate recall

The effect of condition on immediate recall is shown in Figure 4(a) (top left). The
results of Paired Samples t test show that the effect of condition on immediate recall

is statistically significant (df = 25.0, p < .001). The violin graph indicates that
the immediate recall in the predefined condition (x = 93.85.0%, SD = 8.52) is
significantly better compared to the personalised condition (x = 76.92%, SD =
15.43).
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Immediate Recall Delayed Recall Mental Effort

Predefined Personlaised

Task Completion Time Immediate Efficiency Delayed Efficiency

Predefined Personlaised

Statistics df p Statistics df p Statistics df p

Statistics df p Statistics df p Statistics df p

5.91 25 < .001 4.83 25 < .001 -6.59 25 < .001

-9.17 25 < .001 8.31 25 < .001 7.81 25 < .001

Fig. 4 The results for (a) Immediate recall in percentage of correctly remembered words, (b) Delayed
recall in percentage of correctly remembered words, (c) Overall mental effort invested during the task.
The tables include results of Paired Samples t tests over dependent variables.

4.1.2 Delayed recall

The effect of condition on delayed recall is shown in Figure 4(b). The effect of condition
on delayed recall is also statistically significant (df = 25.0, p < .001), where the
delayed recall in the predefined condition (x = 83.85%, SD = 13.59) is significantly
better compared to the personalised condition (x = 61.54%, SD = 25.09).

4.2 Mental Effort

The effect of condition on mental effort is shown in Figure 4(c). The results indicate
that the effect of condition on mental effort is statistically significant (df = 25.0,
p < .001). Participants’ mental effort in the predefined condition (x = 36.83, SD =
13.15) is significantly lower compared to the personalised condition (x = 56.51,
SD = 15.08).

4.3 Task Completion Time

The Paired Samples t test results for the task completion time presented in Figure 5(a)
indicate that the condition has a statistically significant effect on the task completion

time (df = 25.0, p < .001), where the time in the predefined condition (x = 7.69
min, SD = 2.74) is significantly lower compared to the personalised condition
(x = 20.50 min, SD = 7.08).

4.4 Learning Efficiency

The effect of condition on learning efficiency is shown in Figure 5(b) (immediate)
and Figure 5(c) (delayed). The results indicate a statistically significant effect on
both immediate (df = 25.0, p < .001) and delayed (df = 25.0, p < .001) efficiency.
The learning efficiency immediate recall of the predefined condition (x = 0.99
s, SD = 0.87) is significantly higher compared to the personalised condition
(x = −0.99 s, SD = 1.23). Also, the learning efficiency for delayed recall of the pre-

defined condition (x = 0.90 s, SD = 0.81) is significantly higher compared to the
personalised condition (x = −0.90 s, SD = 1.23).
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Immediate Recall Delayed Recall Mental Effort

Predefined Personlaised

Task Completion Time Immediate Efficiency Delayed Efficiency

Predefined Personlaised

Statistics df p Statistics df p Statistics df p

Statistics df p Statistics df p Statistics df p

5.91 25 < .001 4.83 25 < .001 -6.59 25 < .001

-9.17 25 < .001 8.31 25 < .001 7.81 25 < .001

Fig. 5 The results for (a) task completion time in minutes, (b) learning efficiency for immediate
recall, (c) learning efficiency for delayed recall. The tables include results of Paired Samples t tests
over dependent variables.

4.5 System Usability and User Experience

We assessed system usability using the SUS questionnaire [61]. In the predefined

condition, participants scored 90 on the SUS, whereas in the personalised condition,
they scored 85. The Wilcoxon signed-rank test showed no significant difference between
the predefined and personalised condition (df = 25.0, p > .05).

Fig. 6 The results for (a) Immediate recall learning efficiency, (b) Delayed recall learning efficiency,
(c) UEQ factors (pragmatic and hedonic) and all items/questions together (overall) with benchmarks
for each factor.

To compare user experience between the two conditions, we used the UEQ-s ques-
tionnaire [68]. Following the standard calculation method [55, 62], we determined
values for pragmatic quality, hedonic quality and overall user experience for both
conditions.

As seen in Figure 6(a), in the predefined condition, participants rated pragmatic

quality (x = 1.94), hedonic quality (x = 1.59), and overall user experience (x = 1.77)
as excellent (benchmarks: > 1.74 for pragmatic, > 1.59 for hedonic and > 1.58 for
overall). In the personalised condition, participants rated hedonic quality (x = 1.43)
as good (benchmark: 1.25 - 1.55), and the overall user experience (x = 1.30) as above
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average (benchmark: 1.02 - 1.39). However, pragmatic quality (x = 1.10) fell below
average (benchmark: 0.73 - 1.14).

Fig. 7 The participants’ preference results for: (a) Method preference, (b) Retrieval efficiency and,
(c) Retrieval ease.

4.6 Retrieval Efficiency, Ease and Method Preference

The results from the method preference, retrieval efficiency and retrieval ease are
shown in Figure 7. Predefined condition was preferred by 56% participants
(Figure 7(a)) and 69% thought that it helped them retrieve words faster (Figure 7(b))
and easier (Figure 7(c)).

5 Discussion and Future Directions

Learning a foreign language involves a range of educational methods, with preferences
differing among learners and evolving over time. The “keyword method” is just one
such technique specifically used for vocabulary learning. Since building a strong vocab-
ulary is important for improving speaking skills, integrating this method with novel
technologies can enhance the learning process.

To explore this, we developed ARText, a novel system that combines the keyword
method with text-to-image synthesis and augmented reality (AR) context-based learn-
ing. Using our system, we investigated whether learning outcomes differ when using
predefined versus personalised keyword-associations. This is important not only
because personalisation can potentially foster the learning experiences but also because
it enables the system to adapt to any learning context, removing the limitation on
relying solely on expert-prepared predefined word sets. However, the personalised

version in our experiment did not yield better results, which we investigate further
hereafter and explore implications for AR system design.

5.1 System Usability and User Experience

Participants rated the ARText system with good SUS scores in both predefined

(score 90) and personalised (score 85) condition, clearly above the average (68),
with no significant difference between them. Despite the fact that in personalised

version we introduced cross-reality interaction [69, 70] between the smartphone and
AR content.
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User experience was rated high for hedonic qualities (stimulation and novelty) in
both conditions. However, the personalised condition scored lower in pragmatic
qualities (perspicuity, efficiency, and dependability), likely due to (i) some users strug-
gling to generate their own keywords and associations, and (ii) taking three times
longer (x = 21.5 min) to complete the task compared to the predefined condition
(x = 7.8 min). While prolonged HMD use can affect usability [71–75], SUS scores did
not indicate this. Also, the 20-minute duration is relatively short compared to prior
studies where users wore HMDs for up to eight hours [75].

It is also important to note that our results were obtained in a controlled environ-
ment of a laboratory designed to minimise hardware and software factors that could
impact usability and user experience. For example, lighting conditions were controlled,
objects were arranged in a way to avoid occlusion, and the experimenter was present
to assist users in case of system failures. All this had a positive effect on the usability
and user experience. This controlled setup was deliberate and essential to strengthen
the validity of the preference and learning results, as the primary objective of this
work is to compare the effectiveness of personalised and predefined conditions of
the keyword method in real-world context of vocabulary learning. This is important
because the keyword method can be applied beyond vocabulary learning (e.g., face-
name recall, anatomy learning) and this study opens up the new real-world use cases
for AR systems–now feasible with recent advances in text-to-image generation.

subsectionLearning Outcomes
Our results show that predefined support, which includes predefined keywords,

associations and visualisations, lead to better learning outcomes compared to per-

sonalised support, where participants had to came up with their own keywords,
associations, an select visualisations. This trend was consistent across all metrics,
including recall, learning efficiency, mental effort, and task completion time.

Some of these results were anticipated, as coming up with one’s own keyword-
associations requires greater mental effort, which can negatively impact learning
efficiency. Nevertheless, we still expected higher recall in the personalised condi-
tion, given that research has demonstrated personalised mental visualisation improves
memory performance, strengthens memory retention, recall, and reduces false memo-
ries [76]. For example, it has been shown that mental visualisation of words on a list
we are memorising reduces false memories at the time of recall [77], and that forming
mental visualisation while reading increases the amount of content remembered over
time [78]. However, these tasks required simple visualisations of words.

In contrast, coming up with meaningful keyword-associations can be challenging
for new users. Research suggests that people might have difficulties coming up with
their own keywords, so that providing predefined keywords may reduce the required
effort and lead to better learning outcomes [26]. However, lowering mental effort in
some learning scenarios can sometimes result in poorer learning outcomes [79, 80]. In
our study, this effect was not observed, likely because participants still had to engage
with the task to retain words. Even understanding the predefined keywords may
have required sufficient effort to support memorisation.

Other factors that may have influenced our results include cultural differences
in learning styles. Previous research has demonstrated that the effectiveness of the
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personalised keyword method varies depending on the language being learned [14].
In a study comparing Japanese and Slovenian, two culturally distinct groups were
examined, with Japanese participants reporting higher mental effort when using
the personalised keyword method compared to their European counterparts. While
differences in learning styles have been observed between Japanese and other cul-
tures [81–83], other factors such as personality and educational major can also shape
one’s learning style [84]. Users who favour structured learning, guided instruction, and
memorisation techniques, might prefer predefined approach. While users who favour
a high degree of independent, creative thinking might prefer personalised method.

In addition, the study duration was limited to 30 minutes per participant to pre-
vent prolonged use of the HMD, ensuring usability and comfort were not compromised.
While this decision helped isolate the impact of learning strategies without the con-
founding factor of HMD fatigue, it may have restricted the potential benefits of the
personalised approach. Given more time, participants might have been able to create
stronger, more memorable associations, potentially improving recall. However, under
time constraints, the predefined condition provided a more efficient and structured
learning experience, leading to better overall outcomes. However, additional studies
are required to confirm the confounding factors.

5.2 Implications for Design

It has already been shown that AR enhances vocabulary learning by contextualising it
within real-world environment, leading to better retention and engagement compared
to traditional flat-screen displays [7]. Like flat-screen displays, AR can facilitate dual
coding, where learners process information both visually (objects) and verbally (words
and their pronunciation, keywords, associations), which is known to enhance mem-
ory [28, 85]. However, unlike flat-screen displays, AR allows users to physically interact
with their surroundings, making keyword-associations learning more immersive.

While these were the reasons to select AR as learning platform, our study focused
on designing pedagogical content and researching its use within AR. The results show
that predefined content yielded better results compared to personalised content. How-
ever, both predefined and personalised approaches have strengths in enhancing
memory and recall. A key question in instructional design is determining the optimal
level of support provided in a learning environment [86–89]. This issue, known as the
“assistance dilemma” [90], explores whether it is more effective to directly present
learners with information or to encourage them to construct knowledge independently.

Research suggests that the ideal level of instructional support often lies somewhere
in between full guidance and complete autonomy. Wise and O’Neill argue that an
intermediate level of support is typically the most effective, with the granularity of
assistance—how detailed and specific the support is—playing a crucial role in learn-
ing outcomes [91]. Instead of assuming that more guidance always leads to better
learning, it is essential to strike a balance where learners receive just enough assis-
tance to enhance comprehension and engagement without diminishing their cognitive
involvement [92].

One way to achieve this balance is by progressive disclosure. This is either provid-
ing multiple predefined (i) keyword-associations, allowing users to select and adapt

15



them, or (ii) keywords only, allowing users to generate associations and visualisations,
or (iii) allowing users to come up with their own keyword-associations. The system
could start with predefined content and gradually transition toward personalised key-
word generation. Such adaptation to different learning styles would cater to learners
that benefit from structured, step-by-step guidance, as well as support quick progress
for learners that prefer a more exploratory, self-driven approach.

5.3 Limitations and Future Directions

Our participants were postgraduate students (see subsection 3.3) with TOEIC scores
above 785, 62% of whom had international professional proficiency (scores between
905-990), while the rest had working proficiency (scores between 785-900). This age
group was chosen due to their youth, international travel experience, and exposure
to multiple cultures. However, as all participants were non-native English speakers,
language could have caused an interaction effect, as they used English prompts for
text-to-image generation. Despite their high English proficiency, future studies should
control for this by either providing a text-to-image generation system in participants’
native language or conducting the experiment with English native speakers.

Further, the keyword method works best for words of high imageability. A num-
ber of studies have shown that concrete terms are better remembered than abstract
terms [93]. The benefits of AR in context learning will therefore be reduced when
abstract terms are considered as it becomes more difficult to make them relevant to the
context of users’ immediate environment. However, as explained earlier, the method
is only one of many and worth exploring for quick vocabulary acquisition.

Future studies could explore the potential of other types of visuals since static 2D
content might not be ideal for AR. This includes dynamic visuals that can be generated
by text-to-video such as Sora7 or even more contextually relevant 3D objects that can
be generated by text-to-3D DreamFusion8 and Magic3D9.

Our prototype was tested for a short time on a limited vocabulary. To further val-
idate findings, the study should be extended and possibly integrate spaced repetition
and recall technique. This is particularly important as used-defined keywords could
be affected by a shallow learning curve reaching peak performance only after exten-
sive practice. At this point the outcome might change making personalised keyword
method outperform predefined keywords. This could be explored with an adaptive
system mentioned in previous subsection.

6 Conclusion

The keyword method is a mnemonic techniques for learning vocabulary in a foreign
language, where a learner uses the pronunciation of a foreign word, finds a simi-
larly sounding word (or a combination of words) in one’s native language (known as
keyword), and makes a memorable visual connection between the two (know as asso-
ciation). Research has shown that externalising these personalised connections with

7https://openai.com/sora/
8https://dreamfusion3d.github.io/
9https://research.nvidia.com/labs/dir/magic3d/
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text-to-image generated visual cues and encoding them during memorisation process
can aid the retention and recall [14]. However, personalised externalisation has not
yet been explored in AR, a technology known to enhance keyword method vocabulary
learning of pre-defined keyword-associations by the experts [48].

To explore the differences between personalised and pre-defined keyword-
associations in AR, we developed ARText. This is an innovative cross-reality AR
system that can generate and visualise these two types of keywords-associations using
text-to-image generator and a smartphone for quick text input.

First, our findings indicate that ARText provides a smooth user experience with no
significant usability issues, even as interaction shifts between the smartphone and AR
content. Second, the results show that predefined keyword-visualisations outperform
personalised ones in terms of immediate recall, delayed recall, mental effort, task
completion time, and learning efficiency. Furthermore, most participants favoured the
predefined approach as it helped them retrieve foreign words faster and easier.

This might suggest that predefined keyword-visualisations provide a more effi-
cient learning experience compared to personalised. However, both have their
advantages in improving memory and recall, and more than third of our participants
still preferred the personalised method. The results might also have been influenced
by cultural differences in learning styles. This calls for additional studies and solu-
tions using semi-personalised approach, where users are presented with multiple

predefined keyword-associations and can select, adapt or ignore them to support their
learning preferences.
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[5] Santos, M.E.C., Lübke, A.i.W., Taketomi, T., Yamamoto, G., Rodrigo, M.M.T.,
Sandor, C., Kato, H.: Augmented reality as multimedia: the case for situated
vocabulary learning. Research and Practice in Technology Enhanced Learning
11(1), 1–23 (2016) https://doi.org/10.1186/s41039-016-0028-2

[6] Ibrahim, A., Huynh, B., Downey, J., Höllerer, T., Chun, D., O’Donovan, J.: Arbis
pictus: A study of vocabulary learning with augmented reality. IEEE Transactions
on Visualization and Computer Graphics 24(11), 2867–2874 (2018) https://doi.
org/10.1109/TVCG.2018.2868568

[7] Weerasinghe, M., Biener, V., Grubert, J., Quigley, A., Toniolo, A., Čopič Pucihar,
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