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Abstract

Learning is an interactive process in which timely guid-001
ance plays a crucial role in helping learners overcome dif-002
ficulties. In now ubiquitous online learning environments,003
however, such guidance is often unavailable or requires004
learners to explicitly request help, interrupting their cog-005
nitive flow. In our work, we propose a novel paradigm,006
environment shaping, which proactively supports learners007
by adaptively modifying the learning environment based on008
learner behavior. We formulate this problem as a Markov009
decision process (MDP), where learner states are inferred010
from multimodal behavioral signals and actions correspond011
to environment-level interventions such as adaptive visual012
highlighting. We implement the MDP framework in a block-013
based coding environment (VEX VR) using vision-language014
models (VLM) to estimate learner engagement and guide015
learning. To enable controlled and reproducible evalu-016
ation, we further introduce a simulation framework with017
VLM-simulated agent learners. Preliminary experiments018
with simulated agents show that environment shaping sig-019
nificantly improves early-stage learning performance and020
guides learners toward more productive trajectories. These021
results demonstrate the great promise of proactive envi-022
ronment shaping as a scalable complement to traditional023
teacher assistance.024

1. Introduction025

Learning is an interactive process in which students actively026
explore, test ideas, and refine their understanding [25, 26].027
In traditional classroom-based learning settings, teacher as-028
sistance plays an important role in supporting students when029
they encounter difficulties. By providing timely hints or030
guidance, teachers can help learners overcome obstacles,031
regain focus, and continue making progress [7].032

However, in the now ubiquitous online learning envi-033
ronments, on-the-fly teacher supervision is often unavail-034
able. Many existing online tutoring systems therefore rely035
on help-on-demand mechanisms, where learners must ex-036
plicitly request assistance when they feel stuck. While such037
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Figure 1. Our algorithm: shaping the environment action to scaf-
fold human learning modeled in Markov Decision Process (MDP).

approaches can be effective, they require learners to inter- 038
rupt their own learning process in order to ask for help. This 039
interruption can disrupt learners’ cognitive flow and may re- 040
duce the effectiveness of the learning experience. 041

We explore a novel idea: proactively supporting learners 042
by shaping the learning environment itself. Instead of re- 043
quiring learners to explicitly request help, the system would 044
continuously monitor the learner’s behavior and adaptively 045
modify the environment to provide just-in-time guidance 046
whenever needed. By proactively shaping the environ- 047
ment when learners encounter difficulties, the system can 048
guide learners to productive learning states without requir- 049
ing them to interrupt their cognitive flow (Figure 1). Prior 050
work has shown that learning environments integrated with 051
pedagogical design can significantly influence learners’ per- 052
formance [2, 19, 20]. Our work built on this insight en- 053
ables an intelligent system to dynamically adapt the envi- 054
ronment in response to learner behavior. Importantly, such 055
environment-level support is not intended to replace human 056
instructors. Instead, it serves as a complementary mecha- 057
nism that provides timely assistance when direct teacher su- 058
pervision is unavailable, helping maintain productive learn- 059
ing trajectories in self-directed learning environments. 060

However, designing such an adaptive learning environ- 061
ment introduces two key challenges. First, the system must 062
model the learner’s current learning state from observable 063
behavioral signals. Second, based on this inferred learner 064
state, the system must decide when and how to perform an 065
adaptive intervention that guides the learner without intro- 066
ducing unnecessary distraction. To address these two chal- 067
lenges in a general way, we frame the problem of envi- 068
ronment shaping as a Markov decision process (MDP). In 069
this formulation, the state represents the current learning 070
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context, including the learner’s recent interactions and the071
configuration of the environment. The actions correspond072
to possible environment-level interventions, such as high-073
lighting relevant objects or modifying visual cues to guide074
the learner’s attention and action. The reward reflects the075
learner’s progress toward solving the task, such as improve-076
ments in program correctness or successful task completion.077
This formulation provides a general solution framework for078
proactive environment assistance for learners, where the079
system would iteratively infer the current state of the MDP080
and choose an optimal action based on the inferred state to081
shape the learning environment as needed. The general so-082
lution framework can be instantiated with a specific learning083
platform to develop operational algorithms for environment084
shaping in a specific learning application.085

As an initial study of the proposed MDP framework,086
in our paper, we focus on instantiating it with VEX VR,087
a widely adopted block-based programming environment088
in which learners control a virtual robot by composing vi-089
sual code blocks. The platform supports rich visual interac-090
tions among code blocks, robot behaviors, and environmen-091
tal state transitions. We selected VEX VR for two reasons.092
First, VEX VR are extensively used in programming edu-093
cation and have reached over 1.45 million users across 151094
countries [28]. Second, visual interventions are among the095
most intuitive and effective ways to shape learning environ-096
ments; VEX VR’s visually rich interface thus provides an097
ideal testbed for studying how the visual understanding and098
generation capabilities of modern AI systems can support099
environment shaping.100

Specifically, as shown in Figure 2, our system monitors101
multimodal behavioral signals, including eye gaze, mouse102
interactions, and coding activity, to estimate learner engage-103
ment and task progress. Using vision-language models, the104
system identifies situations in which a learner may be losing105
focus and introduces adaptive visual highlighting to guide106
the learner’s attention toward relevant objects or program107
elements. Note that although our system was implemented108
in the context of VEX VR, the whole system architecture is109
generally applicable to any visual learning environment to110
support environment shaping.111

Evaluating environment shaping presents a new research112
challenge. Since this problem has not been studied be-113
fore, no established datasets or benchmarks currently ex-114
ist. While one possible approach is to conduct user studies115
with human learners, such studies make it difficult to per-116
form controlled and reproducible comparisons across dif-117
ferent algorithms. In particular, when using human learners,118
it is inherently difficult to ensure fair comparisons: once a119
learner has completed a task under one system, their cog-120
nitive state has already changed, making it impossible to121
evaluate another system with the same initial conditions. To122
enable systematic evaluation, we explore using large lan-123

guage models to simulate learners interacting with the envi- 124
ronment. This setup allows us to conduct controlled exper- 125
iments and compare multiple environment-shaping strate- 126
gies under identical conditions. In particular, it enables us 127
to evaluate key components of our framework, including 128
learner state estimation and adaptive visual guidance. Using 129
simulated learners, our experiment results demonstrate that 130
adaptive visual interventions can effectively guide learners 131
toward more productive learning trajectories. 132

To evaluate our approach, we conduct experiments with 133
both automated GUI agents and human learners in the VEX 134
VR environment. For agents, our assistant improves perfor- 135
mance from 1 kg to 55.2 kg (after five assistive tips) in the 136
Coral Reef Cleanup playground, demonstrating over 50× 137
gain in solution quality, but further guidance leads to degra- 138
dation, revealing concentration loss in iterative reasoning. 139
For human learners, preliminary observations of 14 stu- 140
dents show that most achieve minimal improvement without 141
assistance, indicating substantial difficulty in unguided ex- 142
ploration. These results show that environment-level inter- 143
ventions can significantly improve early-stage learning per- 144
formance while exposing a key limitation of VLM-driven 145
learners in maintaining long-horizon guidance. 146

We summarize our contributions as follows: 147

• We introduce environment shaping as a novel proac- 148
tive paradigm for AI-assisted learning. Instead of relying 149
on help-on-demand interactions, our approach supports 150
learners by adaptively modifying the visual learning en- 151
vironment, allowing guidance to be provided without in- 152
terrupting the learner’s cognitive flow. 153

• We formulate environment shaping as a Markov decision 154
process (MDP), providing a general framework for mod- 155
eling the interaction between learners and adaptive learn- 156
ing environments. This formulation enables systematic 157
exploration about when and how environmental interven- 158
tions should be applied. 159

• We instantiate this framework in a visually rich pro- 160
gramming learning environment (VEX VR) by lever- 161
aging large visual models to detect learner disengage- 162
ment and difficulties and generate adaptive visual inter- 163
ventions. To evaluate this new problem setting, we in- 164
troduce a simulation-based evaluation framework using 165
VLM-based agent learners, enabling reproducible com- 166
parison of environment-shaping strategies. We show the 167
great promise of environment shaping by presenting en- 168
couraging preliminary experiment results. 169

1.1. Problem Formulation 170

We study how an intelligent system can support human 171
learning by adaptively shaping the visual learning environ- 172
ment. Instead of requiring learners to explicitly request as- 173
sistance, the system monitors learner behavior and modifies 174
the environment to provide guidance when needed. 175
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We model the interaction between the learner and the en-176
vironment as a Markov Decision Process (MDP). At each177
time step t, the system observes the learner state st, selects178
an intervention action at, and receives a reward rt reflecting179
the learner’s progress.180

Formally, the MDP is defined as M = (S,A, P,R),181
where S denotes the learner state space, A denotes possible182
environment interventions, P (st+1|st, at) denotes models183
learner behavior transitions, and R(st, at, st+1) measures184
learning progress. The goal of the system is to select in-185
terventions that guide learners toward productive learning186
trajectories while preserving natural exploration. The MDP187
formulation naturally provides a general solution frame-188
work for solving the environment shaping problem compu-189
tationally, where the system would continuously infer the190
current learner state and decide whether and how to inter-191
vene by choosing an optimal intervention action based on192
the inferred state. The general solution framework can be193
instantiated with any specific learning environment to de-194
rive an operational algorithm for environment shaping in a195
specific application system. Below, we discuss such an in-196
stantiation with the VEX VR visual learning environment.197

1.2. Learner State Representation198

To determine whether learners need assistance, the system199
constructs a representation of the current learning context200
from multimodal behavioral signals.201

The learner state is defined as st = (gt,mt, ct), where202
gt represents eye gaze activity, mt represents mouse inter-203
action activity, and ct represents coding activity.204

Eye Gaze Activity Eye gaze signals capture the learner’s205
visual attention in the environment. We compute several206
gaze-based features, including fixation duration on objects,207
gaze entropy across regions of interest, and the frequency of208
gaze shifts. These signals help identify situations learners209
may be searching for relevant information or getting lost.210

Mouse Interaction Activity Mouse interaction reflects211
how learners manipulate code blocks in the programming212
interface. Extracted features include drag operations on213
code blocks, mouse trajectory length, and idle time between214
interactions. Frequent rearrangement or prolonged inactiv-215
ity may indicate confusion or difficulty.216

Coding Activity Activity Coding activity measures the217
learner’s progress toward solving the programming task.218
Relevant signals include the number of blocks in the cur-219
rent program, syntactic correctness, and partial task com-220
pletion status. These signals provide a direct estimate of221
task progress.222

The combined state representation captures both behav-223
ioral engagement and problem-solving progress.224

State
Builder

Gaze Focus

VLM API 
Endpoint

Web Camera

Web Browser

History

Prompt
Screenshot

Memory

Environment
Shaping

Learner

Window Pop-up Area Highlight

Figure 2. Our system: a general MDP-based implementation.

1.3. Action Space: Environment Interventions 225

The system assists learners by modifying visual elements of 226
the environment. The intervention action space is defined 227
as at ∈ A, where actions correspond to different forms of 228
visual environment shaping. 229

In our block-based programming environment, the ac- 230
tion set includes 231

• Highlight Code Blocks: emphasize code blocks relevant 232
to the current task. 233

• Highlight Environment Objects: highlight objects in 234
the virtual playground related to the task. 235

• Visual hints: introduce visual cues such as pop-up win- 236
dows with hints for next steps that guide learners. 237

• No Intervention: allow the learner to continue without 238
assistance. 239

These actions modify the visual environment while pre- 240
serving the learner’s autonomy. 241

2. A Markov Decision Process Framework for 242

Environment Shaping 243

2.1. Transition Model 244

After an intervention is applied, the learner may adjust their 245
behavior in response to the modified environment, resulting 246
in a transition to a new learner state. 247

This process is modeled as st+1 ∼ P (st+1 | st, at), 248
where P represents the transition dynamics of learner be- 249
havior. 250

Since human learning behavior is difficult to model ana- 251
lytically, we estimate the transition probabilities empirically 252
from interaction data. Let N(s, a, s′) denote the number of 253
observed transitions from state s to state s′ after applying 254
action a. 255

The transition probability is estimated as 256

P (s′|s, a) = N(s, a, s′)∑
s′′ N(s, a, s′′)

(1) 257

This empirical transition model allows the system to ap- 258
proximate how environment interventions influence learner 259
behavior. 260
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Figure 3. Illustration of Vex VR Testbed. It is generally divided
into three components of toolbox, coding console, and playground.

2.2. Reward Signal261

The reward function measures the learner’s progress toward262
solving the programming task.263

Formally, the reward is defined as264

rt = R(st, at, st+1) (2)265

In our environment, the reward is derived from indicators266
of task progress, including267

• improvements in program correctness,268
• successful task completion,269
• resumed interaction after periods of inactivity.270

The reward signal encourages interventions that help271
learners return to productive learning trajectories.272

2.3. Intervention Policy273

While the interaction between the learner and the environ-274
ment is formulated as an MDP, our goal is not to learn a275
reinforcement learning policy. Instead, the MDP formula-276
tion provides a principled framework for reasoning about277
intervention timing and effects.278

In practice, the intervention policy is implemented us-279
ing a rule-based decision mechanism based on the estimated280
learner state.281

Specifically, the system evaluates a progress function282
f(st) derived from behavioral signals and coding activity.283

The intervention policy is defined as284

at =

{
intervention(st), f(st) < τ

no action, otherwise
(3) 285

where τ is a threshold representing insufficient learning 286
progress. 287

When the learner appears to be struggling, the system 288
selects an intervention that highlights relevant elements in 289
the environment. 290

2.4. Environment Shaping 291

Once an intervention action is selected, the system modifies 292
the visual environment accordingly. 293

Unlike traditional tutoring systems that provide explicit 294
hints, our approach focuses on subtle visual guidance em- 295
bedded directly in the environment. These interventions in- 296
fluence the learner’s perception of the task space and guide 297
attention toward relevant information. 298

Because the guidance is integrated into the environment 299
itself, the learner can continue interacting naturally without 300
interrupting the learning process. 301

3. Implementation 302

Testbed. We employ the VEX platform as our program- 303
ming testbed, as illustrated in Figure 3. The interface con- 304
tains three main components. The toolbox on the left pro- 305
vides functional blocks for program construction. The cod- 306
ing console in the center allows users to drag and compose 307
these blocks into an executable program. On the right is the 308
playground, a floating window where the program is exe- 309
cuted. The generated program controls a robot (e.g., a vehi- 310
cle) within the playground to perform tasks such as collect- 311
ing garbage or navigating the environment. 312
Playground Setting. We evaluate our system using the 313
Coral Reef Cleanup Playground in VEX VR [28]. This 314
playground simulates an underwater environment where a 315
programmable robot collects trash from a coral reef. The 316
objective is to remove as much waste as possible while op- 317
erating under limited battery energy. The task requires a 318
combination of robot navigation, sensing, and strategy de- 319
sign, and naturally involves programming concepts such as 320
sequencing, control flow, and efficient path planning. 321
Environment Assistant. We implement an intelligent 322
environment-assistant browser extension based on the prin- 323
ciples of scaffolding human learning. As shown in Figure 2, 324
at fixed decision intervals, the system collects multimodal 325
signals during web-based learning. A webcam captures the 326
learner’s facial image, and WebGazer [21] estimates the on- 327
screen gaze location. Meanwhile, the extension captures 328
screenshots of the active webpage and records the browsing 329
history as a memory log. 330

These signals are aggregated by a learner state builder, 331
which constructs a structured prompt containing the gaze 332
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(a) (b)

Figure 4. The demonstration of the environment assistant (highlight and pop-up window).

information (which is the green dot shown in Figure 4),333
the current webpage screenshot, and the interaction his-334
tory. The prompt is then sent to a VLM API to estimate335
the current learner state st. At each time step, the system336
re-evaluates the learner state, updates the progress estimate337
f(st), and computes the reward rt−1 = R(st−1, at−1, st)338
via an interpolation between the consecutive progress esti-339
mates f(st−1) and f(st), yielding a temporally smoothed340
signal of learning progress. Based on the estimated state341
and reward, the system selects an intervention action as342
shown in Figure 4. The browser extension executes the343
selected intervention by displaying textual hints in pop-up344
windows or highlighting relevant regions of the webpage,345
thereby providing real-time feedback.346

GUI Agent Learner. For reproducibility and to emulate347
automated learner behavior, we use Google Antigravity [9]348
as a graphical user interface (GUI) agent that interacts with349
the VEX platform. The agent is prompted to open the350
VEX website and access the course interface (the prompt is351
shown in the listing). During the experiment, the agent also352
receives guidance tips generated by the VLM. Upon receiv-353
ing each environmental visual supports such as pop-up win-354
dows, the agent searches for the corresponding functional355
blocks, drags them into the coding console, and executes356
the resulting program. We implement the agent using Gem-357
ini 3 Pro [10], and each experiment is repeated five times.358
For the baseline setting without our system, the agent ex-359
plores the VEX interface independently and constructs pro-360
grams based solely on its internal reasoning.361

4. Preliminary Experiment362

Our evaluation is designed to validate the proposed MDP-363
based formulation for adaptive learning assistance. Recall364
that we model the learning process as a Markov Decision365
Process, where the system observes the learner state and366
selects intervention actions to guide learning. In our imple-367
mentation, these interventions are realized by reshaping the368
learning environment, e.g., highlighting relevant regions or369
providing contextual prompts, rather than requiring explicit370
queries from the learner.371

The goal of the evaluation is to examine whether such 372
environment-level interventions can effectively guide learn- 373
ers toward more productive trajectories. In particular, we 374
aim to answer the following research questions: 375

• RQ1: Can the environment assistant improve the solution 376
quality achieved by the GUI agent learner? 377

• RQ2: Do AI-simulated GUI agent learners maintain con- 378
sistent improvement when receiving iterative guidance, or 379
do they exhibit signs of losing concentration? 380

• RQ3: How do novice human learners approach the pro- 381
gramming task without assistance? 382

• RQ4: What differences exist between human learners 383
and GUI agent learners in utilizing generated guidance? 384

4.1. Evaluation Challenges and Solution 385

Evaluating AI-assisted learning systems in our setting is 386
challenging for several reasons. First, the Coral Reef 387
Cleanup task in VEX VR is a newly introduced task that 388
has not been systematically studied in prior work. As a re- 389
sult, there are no existing datasets or standardized bench- 390
marks that directly support our evaluation. Therefore, we 391
build a real-time system to analyze this novel task. Second, 392
while user studies with human learners provide realistic in- 393
sights, they make it challenging to conduct controlled and 394
reproducible comparisons across different algorithms. To 395
enable systematic and scalable evaluation, we adopt large 396

Figure 5. Program built by GUI agent without assistance.
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(a) (b)

Figure 6. Basic learning scenario. The learner starts from scratch and gradually builds the solution with system guidance.

(a) (b)

Figure 7. Advanced learning scenario. The learner starts from a working example and focuses on improving the existing solution.

language models to simulate learners interacting with the397
environment, allowing us to compare different intervention398
strategies under controlled conditions.399

4.2. Experimental Setup400

GUI Agent Learners. We evaluate a GUI agent that in-401
teracts with the programming interface by searching, drag-402
ging, and composing functional blocks. The agent receives403
textual tips generated by our learning assistant and attempts404
to incorporate them into the program. For the baseline set-405
ting without assistance, the agent explores the VEX inter-406
face independently and constructs programs based solely on407
its internal reasoning.408

Human Learners (Preliminary Observation). To under-409
stand how novice learners approach the task, we analyze410
video recordings of classroom activities involving middle-411
school students using the VEX VR platform. The dataset412
contains 14 students, each with approximately one hour413
of interaction time. Since these recordings were collected414
prior to the development of our system, the students did not415
receive assistance from our learning assistant. Our goal is416
to observe common challenges and behaviors when learners417
attempt the task through unguided exploration.418

Evaluation Metrics. We measure task performance using419
the score provided by the VEX VR playground, which cor-420
responds to the amount of garbage collected (kg). This met-421
ric directly reflects the effectiveness of the generated pro-422

gram and the efficiency of the robot’s navigation strategy. 423
We also analyze the time required to reach different perfor- 424
mance levels in order to understand learning progress over 425
time. For the agent learner, we also examine whether the 426
score continues to improve after successive guidance tips, 427
which helps us assess whether the learner can sustain atten- 428
tion and effectively use iterative assistance. 429

4.3. Results on Agent Learners (RQ1 & RQ2) 430

We first evaluate whether the environment assistant can im- 431
prove the performance of GUI agent learners and whether 432
the agent can consistently benefit from iterative guidance. 433

Without assistance, the GUI agent learner is unable to 434
meaningfully solve the task. Although it can open the web- 435
page, search for programming blocks, and construct a pro- 436
gram, the resulting implementation is naive and achieves a 437
score of only about 1 kg even after prolonged execution. As 438
shown in Figure 5, the generated program simply drives the 439
robot along a straight path to collect garbage until it reaches 440
the boundary of the playground. This behavior demon- 441
strates that the agent lacks the reasoning capability required 442
to discover an effective program structure through unguided 443
exploration. When assisted by our system, the agent ini- 444
tially benefits from the generated guidance. Around 150 445
seconds (after Tip 5), the agent achieves a score of 55.2 kg, 446
indicating that the assistant successfully guides the agent 447
toward a substantially better program. 448
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However, additional guidance does not lead to further449
improvement. After the fifth tip, the agent’s performance450
stagnates and then slightly degrades. Eventually, after re-451
ceiving all ten tips, the agent fails to produce a runnable452
program. This pattern suggests that the GUI agent cannot453
reliably maintain effective reasoning across a long sequence454
of iterative instructions. In other words, the agent appears455
to gradually lose concentration when processing multiple456
rounds of guidance, leading to unstable improvements and457
even regression in later stages.458

This observation is important because it reveals that im-459
proving an VLM-driven learner is not only a matter of pro-460
viding better environment support, but also of ensuring that461
the learner can remain focused and consistently integrate462
those tips over time. Our results therefore motivate future463
work on how to prevent learners from losing concentration464
during long-horizon interactive problem solving.465

4.4. Observations from Human Learners (RQ3)466

Next, we analyze how novice human learners approach the467
same task without assistance. From the recorded interac-468
tion videos, we observe that most students struggle during469
the initial exploration phase. During the first 3-4 minutes,470
learners typically browse the available blocks in the tool-471
box and attempt to construct programs through trial-and-472
error. Many students are unable to successfully run their473
programs, while those who do often implement only simple474
logic and collect about 1 kg of garbage.475

These observations suggest that novice learners have dif-476
ficulty identifying effective program structures in block-477
based programming environments without guidance. The478
main challenges include understanding how different blocks479
interact, designing a reasonable navigation strategy for the480
robot, and debugging incomplete or incorrect programs.481
Overall, the human learners’ behavior indicates that this482
task imposes substantial cognitive burden when no real-time483
assistance is available.484

Since our current human analysis is based only on pre-485
existing videos rather than a controlled assisted study, we486
do not yet claim quantitative gains for human learners with487
our system. Instead, these observations serve as preliminary488
evidence that the task is challenging and that there is sub-489
stantial opportunity for AI-assisted support. In future work,490
we plan to conduct controlled user studies with the learning491
assistant enabled for human learners once IRB approval is492
obtained, as discussed in Sec. 6.493

4.5. Comparing Human and Agent Learners (RQ4)494

Comparing the two settings reveals several differences in495
how humans and automated agents approach the program-496
ming task. Without assistance, human learners are eventu-497
ally able to discover partial solutions through exploration,498
while the GUI agent remains stuck at trivial strategies. Hu-499
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Figure 8. Learning curve of the GUI agent. Each point represents
the solution of the agent after receiving each tip The time interval
between points includes the inference time of the learning assis-
tant, the time the agent spent on dragging and placing the blocks,
and the time for evaluating the program.

mans appear to rely on intuitive reasoning and incremen- 500
tal experimentation when constructing programs. Although 501
their progress is slow, they can still adapt their behavior 502
based on partial observations from the environment. 503

In contrast, the GUI agent relies on procedural interac- 504
tion with the interface, which introduces additional over- 505
head in searching for blocks and manipulating the program- 506
ming environment. More importantly, while the agent can 507
benefit from early-stage guidance, it struggles to consis- 508
tently translate a sequence of high-level tips into correct 509
program modifications. This concentration loss is much less 510
evident in humans, who are generally better able to preserve 511
the semantic intent of prior guidance while incorporating 512
new instructions. 513

These findings highlight that human learners and auto- 514
mated GUI agents exhibit fundamentally different learn- 515
ing behaviors, and that AI-generated guidance must be de- 516
signed to accommodate these differences. 517

4.6. Case Study of Agent Learner 518

To further illustrate how the system assists the learning pro- 519
cess, we conduct two case studies. 520

The basic learning scenario (Figure 6) examines the 521
situation where a learner starts from scratch and gradually 522
constructs a solution with guidance from the system. The 523
assistant provides step-by-step prompts that help the learner 524
identify relevant blocks, place them appropriately, and pro- 525
gressively improve the program. 526

The advanced learning scenario (Figure 7) begins with 527
a partially completed program, where the learner aims to 528
refine and improve an existing solution. Here, the gener- 529
ated prompts focus more on correcting suboptimal logic and 530
guiding the learner toward higher-quality implementations. 531

In both scenarios, the system generates prompts that 532
adapt to the learner’s current progress and interaction con- 533
text, enabling personalized assistance during the program- 534
ming process. These case studies provide qualitative evi- 535
dence that the assistant can tailor its feedback to different 536
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stages of learning and support both initial construction and537
subsequent refinement.538

5. Related Work539

Intelligent Tutoring and Environment Shaping. In the540
evolution of Intelligent Tutoring Systems (ITS), resolving541
the ”assistance dilemma”—balancing the provision of in-542
structional support with the necessity of productive student543
struggle—has remained a central pedagogical challenge544
[12, 16, 25]. Historically, systems navigated this dilemma545
via reactive, help-on-demand mechanisms or proactive ex-546
plicit interventions, both of which risk interrupting the547
learner’s cognitive flow or inducing help-avoidance behav-548
iors [15]. To optimize intervention timing, prior works549
have formulated pedagogical planning as a Markov Deci-550
sion Process (MDP), most notably through policy-centric551
models like the Hint Factory [24]. Our work conceptually552
diverges by treating the environment itself as the reinforce-553
ment learning agent. Grounded in ecological niche con-554
struction theories [8], we propose implicit visual scaffold-555
ing that alters visual affordances rather than explicitly over-556
riding the learner’s policy. To enable this low-interruption557
paradigm, our system integrates Multimodal Learning Ana-558
lytics (MMLA), triangulating eye-tracking, mouse kinemat-559
ics, and coding logs to continuously assess learner engage-560
ment and derive learning progress gradients [21, 23]. This561
continuous state assessment allows the RL agent to dynam-562
ically shape the environment to maintain the learner within563
an optimal zone of productive struggle.564
Visual Language Models and Agent-Based Evaluation565
in GUI Environments. Implementing environment shap-566
ing within block-based visual programming spaces intro-567
duces significant perceptual challenges, as program se-568
mantics are deeply nested in graphical topologies rather569
than plain text [22]. To interpret these complex visual570
workspaces, we leverage recent advancements in Vision-571
Language Models (VLMs) tailored for Graphical User572
Interface (GUI) comprehension, such as Spotlight [13],573
ScreenAI [4], and ShowUI [14]. These models excel at574
zero-shot visual grounding and widget parsing without re-575
quiring underlying DOM access, bridging the semantic gap576
between a learner’s visual attention and the evolving state577
of the programming playground [30]. Furthermore, em-578
pirically validating dynamic tutoring interventions typically579
requires costly and high-variance longitudinal human stud-580
ies [17]. To overcome this evaluation bottleneck, our re-581
search adopts an emerging machine-to-machine evaluation582
paradigm [18, 29]. By utilizing advanced generative agent583
orchestration platforms–such as Google Antigravity [9]–we584
deploy browser-controlling simulated students that possess585
autonomous visual reasoning and interaction capabilities.586
This closed-loop setup enables the continuous refinement587
of the environment-shaping RL policy Q(s, a) through ex-588

tensive simulated rollouts prior to human deployment, es- 589
tablishing a robust, scalable framework for testing next- 590
generation AI-assisted learning interfaces. 591

6. Limitations & Future Work 592

Large-scale Human Studies. In this paper, we conduct 593
a preliminary analysis with IRB-approved video of human 594
learners. While the results demonstrate the potential of our 595
approach, a larger-scale study is required to fully under- 596
stand the effectiveness of the system across diverse popu- 597
lations. In future work, we plan to recruit learners from dif- 598
ferent age groups, educational backgrounds, and program- 599
ming experience levels to evaluate how the assistant affects 600
learning outcomes in broader settings. We plan to divide 601
students into two groups (with and without our system), let 602
the student complete the VEX challenges, and measure their 603
completion score, completion time, and the completion sta- 604
tus over time. We also plan to extend the evaluation beyond 605
the Coral Reef Cleanup playground to additional VEX VR 606
environments and other programming platforms, enabling 607
us to study how the system supports learning across differ- 608
ent tasks and difficulty levels. 609
Multimodal Signal Integration. Our current prototype 610
collects multimodal signals such as eye gaze, webpage 611
screenshots, and browsing history. However, the interaction 612
between eye tracking and area highlighting is not explored 613
in the current implementation, which will be evaluated in 614
a large-scale human study in our future work. Future work 615
will incorporate tighter multimodal fusion to jointly analyze 616
gaze patterns, cursor movement, and interaction sequences. 617
Such integration can help the system detect learner distrac- 618
tion, confusion, or hesitation more accurately. 619
Generalization to Other Learning Domains. Our current 620
system focuses on block-based programming tasks in the 621
VEX VR environment. Although the framework is general, 622
additional work is needed to validate its effectiveness in 623
other learning domains such as mathematics problem solv- 624
ing [3, 11], robotics programming [5, 6], or interactive sim- 625
ulations [1, 27]. Future work will explore how the multi- 626
modal assistant can be adapted to support a wider range of 627
educational environments and digital learning platforms. 628

7. Conclusion 629

Motivated by the lack of timely guidance in online learning 630
and the limitations of help-on-demand systems, we intro- 631
duce environment shaping as a proactive approach that sup- 632
ports learners without interrupting their cognitive flow. We 633
formulate it as a Markov Decision Process and instantiate it 634
in VEX VR using multimodal signals and vision-language 635
models to provide adaptive visual guidance. Our re- 636
sults show that such interventions can significantly improve 637
learning performance, highlighting the promise of proactive 638
environment support and motivate future work on robust 639
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long-horizon learning support.640
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