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Abstract

Assessing learning motivation and strategy (LMS) in spe-
cific situations can more accurately reflect students’ self-
regulation learning ability. However, traditional assessment
methods, such as subjective evaluations and self-reports, are
time-consuming, burdensome, and not well-suited to the dy-
namic nature of situational assessments. To address this, we
presented the LLM-based agents, which enable intelligent gen-
eration of situational tasks and interactive assessment. Specif-
ically, Master defines the theme and storylines, Designers gen-
erate situational tasks, Evaluator reviews the content quality,
and Interactor controls the interactive assessment with users.
The results of a user study with 97 university students demon-
strated the reliability and validity of our approach and the sig-
nificant enhancement of the user experience. The results fur-
ther clarify the relationship among indicators of LMS. This
study provides a novel paradigm and solution for situational
assessment of LMS and offers valuable theoretical insights for
intervention research targeting related indicators.

Keywords: Learning Motivation and Strategy; Situational As-
sessment; LLM Agents; User Experience; Reliability and Va-
lidity; Correlation Analysis

Introduction

Self-regulated learning (SRL) refers to learners’ ability to
motivate themselves and effectively use appropriate learning
strategies during the learning process. It is widely recognized
as a crucial predictor of academic performance (Zimmerman
& Schunk, 2011; T.-C. Yang, Chen, & Chen, 2018) and
is closely linked to educational goals (Burman, Green, &
Shanker, 2015). Learning motivation and strategy (LMS) are
essential indicators for evaluating SRL ability (Garcia, 1995;
Wu, 2018), including learner’s goal setting, value beliefs,
self-efficacy, cognitive and metacognitive strategies, and re-
source management strategies (Duncan & Mckeachie, 1991).
Accurately and efficiently assessing LMS has been a central
research focus in educational psychology (Efklides, 2011), as
a deeper understanding of learners’ SRL levels can provide
more precise guidance for interventions (Theobald, 2021;
T. Zhao et al., 2023).

LMS varies across different contexts, meaning that learn-
ers exhibit distinct behavioral and cognitive patterns depend-
ing on situational factors (Tomlinson et al., 2003). These
factors include the learning environment (e.g., online vs.
classroom learning) (Clayton, Blumberg, & Auld, 2010) and
subject matter (e.g., mathematics vs. language learning)
(Mula, Naka, & Sylhasi, 2024). The situational assess-
ment approach, through tasks to mimic real-world contexts

that activate learners’ goal-setting and strategy selection, of-
fers a more accurate representation of learner performance
in specific situations (Clark, 2012). However, traditional
LMS assessment methods, such as self-reported scales, suffer
from recall bias and subjective inaccuracies (Rosenman, Ten-
nekoon, & Hill, 2011). Furthermore, due to the high cost of
developing specialized scales, generic scales are often used in
practice, limiting their adaptability to specific learning con-
texts (CHo & Summers, 2012; C. Chen & Whitesel, 2012).
Other approaches, including interviews and expert observa-
tions, also play a role in LMS assessment but are resource-
intensive and difficult to scale (Csizér, Kormos, & Sarkadi,
2010; Roth, Ogrin, & Schmitz, 2016). As a result, researchers
have actively sought more flexible and scalable assessment
methods. Advances in educational technology have led to the
development of automated and specialized assessment sys-
tems, such as conversational agents (Dikli, 2003) and learn-
ing analytics through daily logs (Cocea & Weibelzahl, 2007).
Although assessment methods have been enriched, they still
rely heavily on expert-driven knowledge, limiting their adapt-
ability across diverse learning scenarios. Additionally, rule-
based interactions constrain user engagement and overall as-
sessment experience (Volum et al., 2022). Thus, there re-
mains a gap in research addressing the practical need for sit-
uational assessment of LMS.

Recently, large language models (LLMs) have emerged as
a promising tool for SA research due to their extensive knowl-
edge base, advanced reasoning, and generative capabilities
(Achiam et al., 2023; W. X. Zhao et al., 2023; T. He et al.,
2023). LLM-based agents have been widely adopted for vari-
ous assessment tasks. For example, LLM-driven role-playing
has been used in psychological assessment and counseling
(Inaba, Ukiyo, & Takamizo, 2024), while Chain-of-Thought
(CoT) reasoning has been applied to cognitive distortion diag-
nosis (Chan et al., 2023), and interactive fiction games gener-
ated by LLM agents have been proposed to enhance personal-
ized psychological assessment (Q. Yang et al., 2024). Despite
these advances, existing methods have yet to fully address the
assessment requirements in educational scenarios due to dif-
ferences in assessment criteria.

To bridge existing gaps, we propose a generative frame-
work of LLM agents, which enables intelligent generation
of situational tasks and interactive assessment through well-
defined LLM agents. Besides, to enhance user experience
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in the assessment, we incorporate storytelling-based task de-
sign as well as optimize the options of tasks. Specifically,
the agents consist of four roles: Master defines the theme
and storyline; Designers generate specific assessment tasks,
instructions, and options; Evaluator reviews the quality and
coherence of the generated content; and Interactor manages
real-time user interaction and assessment. Moreover, a user
study with 97 university students was conducted to verify the
reliability and validity and user experience of our approach.
Additionally, we also analyzed the relations in learning moti-
vation and strategies.

The contributions of this research are threefold:

1. To the best of our knowledge, this is the first study
that utilizes LLM agents for situational assessment of LMS,
which provides a new paradigm and solution for assessment
research in educational scenarios.

2. We propose a generative framework of LLM agents ,
which realizes intelligent generation of situational tasks and
interactive assessment. We define the roles and responsibili-
ties of the agents and introduce the storytelling design to en-
hance the user experience of the assessment.

3. The results of user study demonstrate the effectiveness
and usability of our approach and significant enhancement
of the interaction experience. Moreover, our findings further
complement the correlation between motivation and learning
strategy, offering valuable insights for future studies in pre-
dictive modeling and intervention research.

Related Works

Situational Assessment (SA) is an approach used to evaluate
an individual’s response in specific situations by simulating
real-life scenarios and assessing performance in these con-
texts (Fracker, 1988). Situational Tasks (S-Tasks) consists of
a series of contextual questions, each of which describes a
situation-related task and provides several possible response
options (Lievens, Peeters, & Schollaert, 2008), as presented
in Figure 1. Users select the most appropriate option based on
their real response or behavior trends. It is considered to be an
instrument with high ecological validity and is able to reflect
actual performances of an individual (Webster, Paton, Cramp-
ton, & Tiffin, 2020). Unlike traditional assessment methods,
such as scales and surveys, SA is highly situationally rele-
vant, making it more accurate in reflecting real-world behav-
ior of individuals. This makes it particularly valuable in areas
like recruitment, selection, leadership assessment, etc (Haq
& Roesminingsih, 2024). However, the design of S-Tasks
is typically done manually by experts or through specialized
systems, which makes it difficult to scale and personalize for
wider applications (Hinman, 2002; Bekkers & Spruit, 2010).

In recent years, LLM-based multiple agents have provided
technical inspiration for SA. Unlike traditional rule-driven
agents, which are constrained by predefined and finite task
sets (Albrecht & Stone, 2018), LLM-based agents bring un-
paralleled flexibility and adaptability (Huang, 2024; J. He,
Chen, Zhang, & Yang, 2024). They are typically composed

+* Traditional Scales (T-Scales) @

In a class like this, | prefer course Future Tech Style
material that really challenges me so
I can learn new things.
» 1: Strongly Disagree

Task: You've been assigned a complex experimental task, B
and the future lab is full of learming materials for you to
choose from.

Instruction: What type of materials are you most inclined
to choose to start the task?

« 2: Disagree

* 3: Somewhat Disagree
 4: Neutral Options:
 5: Somewhat Agree 01: Choose the easiest material to avoid getting bogged down in the beginning.
« 6: Agree 02: Choose the moderately difficult material with the hope of getting some inspiration

 7: Strongly Agree 03: Choose the most challenging material in the hope of completing the task as soon
From MSLQ as possible.

Figure 1: Traditional Scales and Situational Tasks

of three modules: perception, brain, and action (P. S. Park,
Schoenegger, & Zhu, 2023; Hong et al., n.d.). These agents
are operationalized through LLM prompting (Z. Wang et al.,
2023; Wei et al., 2022) or tool use (Schick et al., 2023;
Y. Qin et al., 2023), and possess the ability to perceive, rea-
son, remember, and receive interactive feedback (J. S. Park
et al., 2023; Hong et al., n.d.; A. Zhao et al., 2024). In
recent years, LLM-based agents have been widely applied
to complex tasks, including supporting teaching and learn-
ing (Z. Zhang et al., 2024; Lan & Chen, 2024), artistic cre-
ation (Hu et al., 2024), and assisting with code development
(K. Zhang, Li, Li, Shi, & Jin, 2024). Multi-agent systems,
consisting of more than one agent collaborating, with each
agent assuming distinct roles and functions (Guo et al., 2024),
have been applied to tackle more intricate tasks, such as gam-
ing (S. Wang et al., 2023), social simulation (Hua et al.,
2023), and fostering divergent thinking through debate (Liang
et al., 2023). Yang et al. (2024) proposed psychoGAT, which
generates interactive fiction games through agents to enhance
user experience in psychological assessment (Q. Yang et al.,
2024). However, gamification can lead users to pursue win-
ning, which may bias the assessment results (Morschheuser,
Hamari, & Maedche, 2019), and does not fully align with the
objective evaluation requirements in educational psychology
contexts.

In summary, while recent advancements have made sub-
stantial strides in creating engaging, flexible assessment sys-
tems, existing research has yet to fully address the needs of
situationally adaptive assessments in educational settings, es-
pecially in relation to LMS. This study seeks to fill this gap
by exploring the solution of LLM agents for situational LMS
assessment.

LLM Agents

We introduce multiple agents for generating situational tasks
in this section. The workflow consists of three stages: de-
sign, evaluation, and control, with each stage involving cor-
responding agents, as illustrated in Figure 2. The Motivated
Strategies for Learning Questionnaire (MSLQ), a widely used
scale for assessing LMS, serves as the reference input for this
study. First, the Master generates the “theme” and “story-
lines”, and Designers create the specific “tasks”, “instruc-
tions”, and “options”. All generated content is then trans-
ferred to Evaluator to evaluate the overall quality. Lastly, In-
teractor controls the interactive assessment with users. The
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Figure 2: The LLM Agents Framework for Situational Task Generation to Assess Learning Motivation and Strategies.

prompt templates for agents are presented in the Appendix.

Master

The Master is a professional scriptwriter responsible for cre-
ating situational stories. Its task is to design the theme and
storyline for the situational tasks. The inputs to the Master
include the MSLQ items and a specified style (e.g., the "fu-
ture technological style,” as in Figure 2). The output is the
generated theme and storyline.

We employed Chain-of-Thought (CoT) reasoning to en-
hance the agent’s performance (Yu, He, Wu, Dai, & Chen,
2023). Master is prompted to create an engaging theme and
storyline that effectively assesses LMS while defining key
plot points for assessment tasks. These serve as a founda-
tion for Designers to design specific tasks in alignment with
the theme and storyline. Importantly, since this study focuses
on assessing LMS, the scenarios are designed to be situated
within learning contexts to ensure relevance.

Designers

The designers are responsible for creating specific situational
tasks based on the theme and storyline generated by the Mas-
ter. Given the 81 tasks to be generated, we have assigned two
designers: Designer for Motivation (D4M) and Designer for
Strategy (D4S). Each designer is responsible for designing
tasks specific to their module. Their outputs include situa-
tional tasks, instructions, and options.

Designers are prompted to design tasks that correspond to
the MSLQ items, ensuring they are aligned with the theme
and incorporated into the storyline, thereby maintaining the
continuity of the user experience. The instructions must cor-
respond to tasks and clearly guide users in making their se-
lection. One primary challenge for the designers lies in craft-
ing the options. Unlike traditional seven-point scales used
in MSLQ scales, each situational task includes three options.
This simplification is due to the fact that seven-point scales
often cause users to hesitate or be unable to accurately self-
report their behavior (Liu, Gori, Rioul, Beaudouin-Lafon, &
Guiard, 2020). Specifically, the seven levels in scales are

mapped to three options for each task according to the fol-
lowing rule: Levels 1 and 2 correspond to low-level options,
levels 3-5 correspond to medium-level options, and levels 6
and 7 correspond to high-level options. To minimize bias in
user choices due to varying degrees, the instructions explic-
itly ask users to select options based on their real-life situ-
ation. Furthermore, designers are prompted to balance the
descriptions of options, including adjusting the length of tex-
tual descriptions, as well as incorporating a trade-off between
costs (e.g., time and effort) and benefits (e.g., skill improve-
ment) within each option. Sample prompts are provided to
guide the Designers in producing higher-quality outputs.

Evaluator

The goal of the Evaluator is to ensure the quality of the gen-
erated outputs. The inputs for the Evaluator are the materi-
als generated by the Master and Designers. The Evaluator
evaluates the quality from two perspectives: a third-person
perspective regarding content quality and a first-person per-
spective regarding experience quality. Specifically, content
quality includes rationality (whether the theme, storyline, and
tasks align with the goal of assessment), comprehensiveness
(whether the tasks correspond to the MSLQ items), and con-
sistency (whether the tasks are consistent with the theme and
storyline). Experience quality encompasses immersion (the
user’s sense of engagement in the situation) and enjoyment
(the user’s interest during the interaction).

Interactor

The Interactor is the agent responsible for direct user inter-
action. It controls the process of human-computer interac-
tion (HCI), presenting situational tasks, instructing the user
to make selections, and recording the user’s choices. The In-
teractor begins by explaining the theme and storyline to the
user and then presents the situational tasks in sequence, in-
cluding the tasks, instructions, and options. The Interactor
must track the user’s selections until all tasks are completed.
Once all tasks are finished, the Interactor calculates the final
result. To measure reliability and validity, each option is as-
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signed a score as follows: low-level options score 1 point,
medium-level options score 2 points, and high-level options
score 3 points.

User Study

We conducted a user study with 97 university students to
evaluate the reliability and validity and the user experience
of LLM agents. The user experiment and the experimental
metrics are described in the following sections.

User Experiment

A comparative experiment was designed to evaluate our ap-
proach. The MSLQ, a well-established tool for assessing
LMS, was employed as the control group and baseline for
comparison. The situational tasks generated by LLM agents
served as the experimental group. The experiment was re-
viewed and approved by the college academic ethics commit-
tee.

Participants A total of 97 participants were publicly re-
cruited, including 63 males and 34 females, with ages rang-
ing from 17 to 23 years. All participants were first-year stu-
dents enrolled in a public elective course at Jilin University.
Their academic majors were as follows: 32 in Mathematics,
28 in Physics, 23 in Chemistry, and 14 in Biological Sciences.
All participants were native speakers of the material language
and had no cognitive impairments. Prior to the experiment,
all participants were informed about the study’s purpose and
procedure, and they provided their consent to participate.

Experimental Procedure All participants completed two
rounds of assessment, with a one-week interval between the
rounds. Participants selected their suitable time for exper-
iments in advance. One round involved using the MSLQ
(traditional scales, T-Scales) for assessment, while the other
round involved the situational tasks (S-Tasks). To avoid order
effects on the results (Eisenberg & Barry, 1988), the experi-
mental materials for the first round were randomly assigned
for each participant, and the second round is another mate-
rial. After completing each round, participants were asked to
fill out the same user experience survey, with metrics pro-
vided in the next section. To minimize the impact of ex-
traneous factors, both rounds of the experiment were con-
ducted in the same controlled environment, with participants
using the same computer. Before the experiment began, par-
ticipants were instructed to adjust their seating posture and
screen brightness to a comfortable level.

Experiment Metrics

Reliability Reliability is a crucial indicator in psychomet-
rics for assessing the quality of scales, which is to assess the
internal consistency and reliability of scale contents. In this
study, Cronbach’s alpha (o), a common metric of reliability
(Cronbach, 1951), was employed. The formula is as follows:

n " o?
oc:n_1<1— l;‘z ’> (1
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UX-Scales
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Figure 3: User experiment procedure and participant demo-
graphics

where 7 is the number of items (tasks in this study), G,-z is
the variance of the i-th item’s scores, and G% is the variance
of the total scores.

Validity Validity is another essential indicator of a scale’s
quality, assessing the extent to which the scale items ac-
curately measure the intended construct. Criterion validity
refers to the correlation between test scores and an established
external criterion (Cook & Beckman, 2006). The MSLQ is
a well-established scale for measuring LMS, having demon-
strated stable reliability and validity over many years of use
(Pintrich, Smith, Garcia, & McKeachie, 1993). Therefore, it
was chosen as the validity criterion in this study. Given that
the data follows a normal distribution, the Pearson correlation
coefficient (PCC, r) was used to assess criterion validity. The
formula for PCC is as below:

r:Z;lZI('xi—'f)(yi_y) (2)
nSySy

Where r is the number of items (tasks in this study), x; and
y; are the individual observations of the variables X and Y,
for the i-th observation. X and ¥ are the mean values of the
variables X and Y, and S, and S, are the standard deviations
of the variables X and Y.

User Experience Metrics To compare the user experience
(UX) in the two assessment processes, participants were
asked to do a survey after the assessment. This study used five
dimensions to evaluate UX (Q. Yang et al., 2024) (Jennett et
al., 2008) (Nacke & Drachen, 2011) (Jarvis, 2019) (Kumaran,
Rowe, Mott, & Lester, 2023), which are as follows: (1) Story-
telling, evaluating the storyline and descriptions of situational
content; (2) Coherence, analyzing the overall logical flow and
consistency of the content; (3) Immersion, measuring the en-
gagement and involvement of users in the assessment tasks;
(4) Enjoyment, assessing the attractiveness and interesting-
ness of the content and interactions; (5) Satisfaction, reflect-
ing the user’s overall experience with the interaction.

Correlation Among LMS Indicators The MSLQ catego-
rizes LMS into three sections, with a total of 15 indicators.
Specifically, section one is learning motivation, including in-
trinsic goal orientation, extrinsic goal orientation, task value,
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control beliefs, self-efficacy for learning and performance,
and test anxiety; section two is cognitive and metacognitive
strategies, including rehearsal, elaboration, organization, crit-
ical thinking, and metacognitive self-regulation; and section
three is resource management strategies, including time and
study environment management, effort regulation, peer learn-
ing, and help-seeking. We analyzed the correlations among
these indicators using PCC. The calculation method refers to
formula (2), and the final results are presented in Table 1.

Results

This section reports the results of all experimental metrics, in-
cluding the reliability and validity of S-Tasks, UX differences
of the two groups, and the correlation among the indicators of
learning motivation and strategy.

Reliability and Validity

Data analysis for reliability and validity was conducted us-
ing SPSS Statistics 26.0. The results are presented according
to the categorization in the MSLQ, as described in the above
section. As shown in Table 1, the overall reliability level of
S-Tasks is 0.946. Cronbach’s o values exceed 0.7 for all indi-
cators, except for time management, where the Cronbach’s o
value is slightly below 0.7. Additionally, the overall criterion-
related validity also shows a very high level, with an R value
of 0.970. The criterion-related validity (R) of each indica-
tor is more than 0.75, and the differences are all statistically
significant at the 0.01 level (p<0.001).

Table 1: Results of reliability and validity

Indicator Cronbach’s o r

Intrinsic Goal Orientation 0.716 0.938%#**
Extrinsic Goal Orientation 0.714 0.910%**
Task Value 0.704 0.891 %%
Control of Learning Beliefs 0.714 0.876%*%*
Self-Efficacy 0.893 0.981%#%*
Test Anxiety 0.720 0.902%%*
Rehearsal 0.778 0.893%#**
Elaboration 0.809 0.832%**
Organization 0.762 0.810**
Critical Thinking 0.762 0.810%**
Metacognitive Self-Regulation 0.802 0.910%**
Time and Study Environment 0.679 0.757**
Effort Regulation 0.718 0.900%**
Peer Learning 0.729 0.91 2%
Help Seeking 0.739 0.895%**
Overall 0.946 0.970%**

User Experience Metrics

As shown in the radar chart on the left in Figure 4, the five UX
metrics in this study are all higher for S-tasks compared to T-
Scales. The results for the metrics are as follows: Storytelling

for S-Tasks (mean=4.35, std=0.737), which is higher than
for T-Sales (mean=1.40, std=0.687); Coherence for S-Tasks
(mean=3.58, std=0.888), which is higher than for T-Sales
(mean=2.00, std=0.777); Immersion for S-Tasks (mean=4.22,
std=0.739), which is higher than for T-Sales (mean=1.90,
std=0.684); Enjoyment for S-Tasks (mean=3.54, std=0.765),
which is higher than for T-Sales (mean=1.94, std=0.761); Sat-
isfaction for S-Tasks (mean=4.06, std=0.801), which is higher
than for T-Sales (mean=2.10, std=0.823). Additionally, the
bar chart on the right in Figure 4 presents the results of in-
dependent samples t-tests for each of the indicators. The p-
values for all five indicators are less than 0.001, indicating
significant differences at the 0.001 level.

Comparison of UX Metrics Results Significant Differences in UX Metrics Results

[0 T-Sacles S-Tasks B T-Scales S-Tasks

Storyline

_ — BT
S/ T

Enjoyment Immersion

Figure 4: Evaluation results of user experience indicators
(left) and difference results between the two groups (right),
*** represents p < 0.001.

Correlation Among LMS Indicators

Figure 5 presents the correlation results among the 15 indica-
tors of LMS. As shown in the legend, the PCC ranges from
-1 to 1, with the strength of the correlation indicated by the
color hue. The level of significance is marked in the color
block. Overall, except for test anxiety, other indicators ex-
hibited positive correlations, with the majority of these corre-
lations being statistically significant (refer to the color block
signals in Figure 5). Additionally, test anxiety showed signif-
icant negative correlations with self-efficacy, time and study
environment, and effort regulation.

Discussion

In this study, we developed the LLM agents framework to
address the practical needs of assessing LMS in specific sit-
vations. This framework enables intelligent generation for
situational tasks and interactive assessment. In this section,
we discuss the implications of our findings, as well as the
limitations and directions for future research.

Implications

The experimental results validate our approach. The reliabil-
ity (Cronbach’s a0 = 0.946) and validity (R = 0.970, p<0.001)
of the S-Tasks assessment were found to be at an excellent
level. Besides, experience evaluations revealed that the in-
teractive S-Tasks assessment significantly outperformed the
T-Scale across all five metrics. Overall, our approach demon-
strated not only good usability but also a significant improve-
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Figure 5: Correlation results among the indicators of learning
motivation and strategies. * represents p<0.05; ** represents
p<0.01; *** represents p<<0.001.

ment in user experience during the assessment process. These
promising results can be attributed to the well-defined roles
and responsibilities assigned to the agents (H. Yang et al.,
2024). Specifically, the Master defines story themes and sto-
rylines, creating engaging scenarios that enhance user interest
and immersion in the human-computer interaction (H. Qin,
Patrick Rau, & Salvendy, 2009). The Designers generate spe-
cific tasks, clear instructions, and actionable options, ensuring
both a positive user experience and the reliability and valid-
ity of the assessments (Earnshaw, Tawfik, & Schmidt, 2017;
Ryan, 2015). The Evaluator ensures content quality by as-
sessing storytelling, coherence, and consistency (Y. Chen et
al., 2024). The Interactor facilitates smooth user interactions,
ensuring an overall positive experience (Oertel et al., 2020).
Moreover, narrative immersion may reduce extraneous cog-
nitive load (Sweller, 1994) and induce emotional engagement
that sustains attention and effort (Deci & Ryan, 2000). When
coupled with interactive assessments, these processes en-
hance learners’ metacognitive calibration and self-regulation
during evaluations (T. Wang & Lajoie, 2023; Shafiee Rad,
2025), thereby improving both the validity and accuracy of
assessment outcomes.

Furthermore, we conducted a correlation analysis on the
data from 97 participants and calculated the PCC for 15 in-
dicators. The results revealed positive correlations among
LMS indicators, with the exception of test anxiety. Specif-
ically, intrinsic goal orientation, task value, control beliefs,
and self-efficacy (indicators of motivation) were significantly
positively correlated with each other and also showed posi-
tive correlations with various learning strategies. This finding
emphasizes the importance of fostering and sustaining stu-
dents’ positive motivation for learning. In addition, positive
correlations were observed between any two learning strat-
egy indicators. Notably, extrinsic goal orientation was asso-
ciated with higher test anxiety, which in turn negatively im-
pacted self-efficacy and the use of learning strategies. These
findings align with previous research (Abdelshiheed, Zhou,
Maniktala, Barnes, & Chi, 2023; Clayton et al., 2010), fur-

ther emphasizing the negative impact of test anxiety on moti-
vation and learning strategies (Adesola & Li, 2018). In sum-
mary, the results not only contribute to the understanding of
the relationship between motivation and learning strategies
but also provide insights for future intervention research tar-
geting these indicators.

Notably, our goal is not to replace the traditional measure-
ment but rather provide another available approach that pro-
vides the need for situational assessment with a novel inter-
active experience. Most importantly, our study validates the
feasibility of incorporating LLM agents into educational as-
sessments. While this work focused on the assessment of
learning motivation and strategies, the technical framework
and paradigm can be applied to assess other educational in-
dicators. Furthermore, the framework is highly extensible.
Referencing the correlation results between motivation and
strategies, more agents can be expanded to support long-term,
closed-loop assessments and interventions.

Limitations and Future Directions

Although our study offers valuable insights, several limita-
tions remain, pointing to avenues for future research. First,
the sample size in this study is limited, and a larger, more di-
verse population is necessary to assess the generalizability of
our findings. Second, this study relies on unimodal text-based
outputs, and we plan to explore multimodal interactions to
further enrich and enhance the assessment experience. Addi-
tionally, although we explicitly define the rules of agents, the
output is advised to be finally evaluated by human experts in
order to check possible biases or errors of LLMs (H. Zhao,
Yang, Lakkaraju, & Du, 2024), and we expect breakthroughs
on LLM interpretability in future research. In summary, this
work lays the foundation for this research topic, and we plan
to continue refining and expanding upon it in future studies.

Conclusion

This research proposes a solution for generative situational
tasks, enabling the intelligent creation of assessment tasks
tailored to specific situations through an LLM-based multi-
agent framework. This framework addresses the practical
need for assessing students’ motivation and learning strate-
gies across various situations. The user study results demon-
strate the reliability and validity of our approach and also pro-
vide further insights into the correlation among indicators of
learning motivation and strategies. In conclusion, we intro-
duce a novel contextual assessment paradigm into the educa-
tional scenario, present an extensible technical framework for
situational task generation, and offer theoretical references
for future related studies.
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Prompt Templates

This section presents the prompt templates for LLM agents,
including Master, Designers, Evaluator, and Interactor.
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Prompt Templa

You are an Scriptwriter expert, and you is called “Master”. Your task is to design the story theme and
story lines for a Situational Task measurement based on the MSLQ (Motivated Strategies for
Learning Questionnaire).

Overall objectives:

1. Design engaging story-based situational themes and story lines, ensuring that the contents are
closely aligned with the assessment goal of learning motivation and strategies.

2. Set up two chapters for the two assessment sections (motivation and learning strategies).

3. Design the overall story line, including chapter objectives and key plots.

Specific Requirements:
1. Set the theme of the story-based situation:

o Design the theme: the style is {style}.

o Design the storyline: clearly describe the assessment goal task and the key plots that drive the
plot.

o Note: The theme should clarify the user's roles and tasks, and prompt the user to make choices
according to his/her real situation, so that personalized learning paths and resource recommendations
can be provided. And not matching the user's real situation may lead to recommendation errors.

2. Design story lines:

o Chapter 1: Motivation Assessment

m Situation: design a situation related to motivation based on the goals of motivation measurement.

m Chapter Objectives: based on the indicators and all scales, design the key plot of the chapter in
conjunction with the theme and the story line, which should be centered on the assessment of
learning motivation.

o Chapter 2: Strategy Assessment

m Situation: based on the measurement goals of learning strategies, design a situation related to
measuring learning strategies.

m Chapter Objectives: based on the indicators and all scales, design the key plot of the chapter in
conjunction with the theme and the story line, which should be centered on the assessment of
learning strategies.

3. Design Guidelines:

o Ensure the plot flows smoothly between the two chapters and the story line is logical.
4. Transfer to Evaluator:

o Transfer the designed situational themes, story lines and chapter plots to the D4M, the D4S, and
the Evaluator.

o Make adjustments based on Evaluator's feedback.

Output formats:
1. situational theme and story line:
o Briefly describe the story theme and main plot line of the script (no less than 150 words).
2. chapter key context:
o Chapter 1: Motivation Assessment
m Context description:
m Key plots:
o Chapter 2: Strategy Assessment
m Context description:
m Key plots:
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Prompt

You are an Agent focused on designing assessment tasks for {Learning Motivation} ,
and your name is {Designer for Motivation (D4M)}. Your task is to translate all the
scales of {Learning Motivation of MSLQ} into specific tasks based on story situations,
including the theme, story lines, and key plots provided by the Master.

The tasks you design need to reflect the assessment goal of {learning motivation}
while embedding them in the storyline and maintaining logical continuity among tasks.

Overall objectives:

1. design the specific tasks, instructions, and options in order of the scales that assess
{learning motivation}.

2. you need to design {6} indicators including {intrinsic goal orientation, extrinsic goal
orientation, task value, control beliefs, self-efficacy, test anxiety}.

3. the task you design must match the indicators. Avoid task convergence!

4. The options you design need to reflect “low, medium, and high” levels, and each
level needs to correspond to a specific action.

Requirements:
1. Tasks:

o Each task must have a specific background that fits and is embedded in the main
story situation.

o The task background description should reflect the storytelling, and the description
should be relatively detailed, so that the user can be well substituted into the story
situation.

o The task design should be consistent with the test requirements, for example, if the
scale tests self-efficacy, then the task should also assess self-efficacy.

o There are multiple scales assessing one indicator in the MSLQ, so be sure to avoid
task convergence in the task design.

o Be sure to note that you don't know the user's true situation, and there should be no
guidance or interference with options in the tasks.

2. Instructions:

o Clearly inform the user to do his/her own choice.

o Clearly prompt the user that they must make choices according to their real
situation or daily behavioral trends.
3. Options:

o Balance the degree description of the options: the options should reflect the three
degrees of “low, medium and high”. However, please note that the descriptions of all
three options should be neutral, and explicitly negative options, as well as explicit or
implicit to the user, are prohibited.

oThe low option should not appear to be completely ineffective; the medium option
needs to reflect a certain level of participation; and the high option needs to show fuller
participation, but not in absolute terms.
oProhibited: the low-level option simply abandons the task and appears clearly
wrong.
oSuggestion: The low level option is “initial attempt, limited participation”, which
should be consistent with the user's low motivation daily behavioral tasks.

oCost-benefit conflict: options can be made more realistic by introducing costs (e.g.,

lack of time, energy consumption) and benefits (e.g., increased competence).
For example, the option includes a specific cost: “Choosing a demanding course
may cause you to give up certain after-school activities, but it is more challenging.”
o Balanced option length: the length of the three option descriptions should be
balanced to avoid giving users a choice that is influenced by length.
4. logical continuity:

o Ensure that the background description of each task is consistent with the main
plot.

o Maintain logical continuity between tasks to avoid abruptness or fragmentation.

Output format:
-Indicator:
-Task:
-Instruction:
-Options:

Example Output:

® Indicator: intrinsic goal orientation

e Task: An expedition from the Academy has discovered a mysterious alien relic
containing unknown civilization technology. The information in the relic is presented
in a peculiar way that is difficult to decipher, but it may hide key knowledge that will
change the course of human technology. You are honored to participate in this relic
exploration mission, and you need to make a choice in the face of these mysterious
learnings.

e Instruction: In the process of exploring the alien relic civilization, what is your
preference for the learning content?

e Options:

a. Start with the simple and easy-to-understand parts of the relics to get some basic
information first, and avoid wasting too much time on the complicated and difficult
content. (Low level of intrinsic goal orientation)

b. Prioritize those contents that are both interesting and challenging to study, and
satisfy curiosity while gradually gaining a deeper understanding of the relic
civilization. (Moderate intrinsic goal orientation)

c. Being deeply attracted by the most mysterious and challenging relic contents, and
determined to explore and understand them at all costs, even if it is difficult to unravel
the mystery of the alien relic civilization. (High degree of intrinsic goal orientation)



Prompt Template: Evaluai

You are a script evaluator with the role name “Evaluator”.

Your task is to evaluate the contents of the script in its entirety, including the
situational themes and story lines designed by the Master, and the specific tasks,
instructions, and options generated by D4M and D4S.

Your goal is to ensure that the contents meet the following criteria: logical coherence,
interesting plot, reasonable design, and accurate reflection of the assessment
objectives.

Requirements:
1. Plot appeal:
o Assess whether the story theme, story line, and task context are engaging and
enhance the user's immersion experience.
2. Logic check:
o Check whether the task background description is consistent with the main story
line and whether the task is reasonably embedded in the context.
o Ensure that the plot transitions among tasks are smooth and avoid abruptness or
fragmentation.
3. Assessment Requirements Check:
o Ensure that the task design is consistent with the assessment objectives and that the
option design accurately maps behaviors at low, medium, and high levels.
o Check whether the options can guide users to truly reflect their behavioral patterns.
4. Balance check:
o Check that the option design is sufficiently diverse to avoid task convergence.
o Ensure that the content of the options reflects the behavioral tendencies of the low,
medium, and high levels, and that they are all neutrally descriptive without being
explicit or implicit.

Output Format:
1. Evaluation results:
o Plot appeal: evaluate whether the design content is interesting.
o Logic check: itemize whether the task context, transitions, and instructions are
problematic.
o Assessment needs check: whether the task accurately reflects the measurement
objectives.
o Options check: analyze whether the option design meets the requirements.
2. Optimization recommendations:
o Provide recommendations for improvement for each identified problem, one by
one.
o Describe the possible effects of optimization, such as improving player experience
or measurement accuracy.

Example output:
Evaluate the results:
1. plot appeal:

o The background is interesting and can stimulate players' interest, but the feedback
design is slightly monotonous, more dynamic content can be added.
2. Logic check:

o The background of the mission is reasonable and consistent with the main story.
Transition is natural, no obvious problems found.
3. Assessment needs check:

o Task design accurately reflects the need to measure learning motivation, with clear
correspondence between options and score ranges.
4. Options check:

o The design of low-level options in some tasks is too obvious (e.g., skipping the task
altogether), and it is suggested to change the description to “completing the task but
with low efficiency”.

Optimization suggestions:
o Adjust the language of the low-level options so that they do not deviate from the
task requirements, e.g., “browse the content without prompting for a specific result”.

Prompt Ter : Intera

You are the "Interactor" and your role is to interact with the user to complete the
assessment of learning motivation and strategies.
You need to confirm that the content passes before the Evaluator starts the action.

Interaction rules:
-You need to first inform the user of the situational theme and background of the
assessment.
-Then present the assessment content sequentially, with tasks, instructions, and
options presented at the same time for each assessment.
-After the user completes the selection, you need to remember the user's selection and
send the next assessment content.
-After all the assessment tasks are completed, you need to calculate the user's final
result and present it to the user.

Please note that:

1. You can only show the contents designed by Masters and Designers, you can't
change or add other information.

2. Please check and make sure the order and content are correct before pushing the
task.

3. You don't know the user's real situation, so you can't guide the user to make a
choice.

4. If you do not receive feedback for a long time (3 minutes), please prompt the user to
make a choice.
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