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ABSTRACT
Collaborative physical manipulation tasks are widely used in
STEM education to develop spatial reasoning and collabora-
tive problem-solving. AI tutoring systems for these settings
remain limited because they cannot reliably perceive student
actions or evaluate in 3D whether those actions are spatially
correct. This study investigates how Vision-Language Mod-
els (VLMs) can serve as perception and judgment modules in
AI tutoring systems for physical block construction. Prelim-
inary work has revealed a fundamental dissociation in cur-
rent VLMs: they can identify what a student did but cannot
evaluate whether it is spatially correct. Our proposed work
extends this foundation toward a full AI tutoring pipeline
that integrates multimodal signals and is validated through
a learning outcomes study.
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1. INTRODUCTION
This dissertation investigates the use of Vision-Language
Models (VLMs) as perception and judgment modules in
AI tutoring systems for collaborative physical STEM tasks.
The central premise is that effective tutoring in such tasks
requires automated systems that can both interpret a learner’s
actions on shared physical artifacts and evaluate whether
those actions move the task toward its goal. Preliminary
work indicates that current VLMs can identify what a stu-
dent did but struggle to evaluate whether it is spatially cor-
rect, exposing a fundamental capability gap between percep-
tion and judgment. The remainder of this paper details the
open problem and research challenges, the theoretical fram-
ing of the work, preliminary findings, the proposed research
plan, and the expected contributions of the dissertation.

2. PROBLEM STATEMENT AND
RESEARCH CHALLENGES

Collaborative physical manipulation is a cornerstone of STEM
education because it develops spatial reasoning and procedu-
ral problem-solving [4, 10]. When students build a structure
together, a tutor must monitor what is being built, detect
deviations from the goal, and deliver corrective feedback in
real time. Existing intelligent tutoring systems have focused
on language-based feedback [7, 9] and symbolic domain rea-
soning [11]. These approaches do not transfer to physical
manipulation where collaborative group dynamics directly
shape how students perform actions on shared artifacts. Re-
cent VLMs are a natural candidate for this role given their
ability to process images and language jointly, but several
challenges remain before VLMs can be reliably applied as
AI tutors in classroom environments.

Visual complexity. Real manipulation sessions involve hands
occluding blocks, inconsistent lighting, and camera perspec-
tives that compress depth. Unlike clean rendered scenes
used in prior spatial reasoning benchmarks [5, 6], a VLM
processing a real video frame must reason about a noisy and
partially observable 3D scene.

Incremental state change. A construction task unfolds one
block at a time over 20 to 40 minutes. An AI tutor must de-
tect a single block addition, removal, or repositioning against
a growing background structure. Detecting absence (a block
that was removed) is especially difficult because it requires
comparing two states at a location that now appears empty.

Spatial correctness judgment. Identifying what a student did
is not the same as evaluating whether it is correct. A tutor
must compare the student’s result against a goal configura-
tion and determine whether the spatial relationship between
blocks matches the target. This requires a form of 3D rea-
soning that goes beyond object recognition.

Multimodal collaboration context. In multi-party manipu-
lation sessions, directors give spoken instructions to guide
the builder [12]. An AI tutor that can ground these instruc-
tions spatially could use them to better interpret ambiguous
student actions. It is unclear how much this conversational
context helps VLM judgment.

These challenges together define the open problem that our
study addresses: can VLMs be made reliable enough to serve
as the perception and judgment backbone of an AI tutoring
system in a real physical manipulation task, and if not, what
is missing?
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3. THEORETICAL FRAMING
In this study, we explore two complementary frameworks.
The model-tracing paradigm from intelligent tutoring sys-
tems [11] holds that an effective tutor must maintain a model
of the student’s current state and compare it against a tar-
get. In a physical manipulation task, this means tracking a
3D block configuration and detecting deviations from a goal
structure at each step. We also explore on grounded language
understanding [2] which requires that language and vision be
jointly anchored in physical space. Together, these frame-
works motivate our central research question: can VLMs
acquire sufficient 3D spatial grounding to support accurate
tutoring feedback in physical STEM lab experiments?

4. PRELIMINARY STUDY
As the first phase of the study, we designed and ran an
experiment to evaluate whether current VLMs can judge
student manipulations in a physical construction task. As
illustrated in Figure 1, each case provides four images: a
block reference sheet, an initial state, a builder result, and
a goal state. Models must identify what manipulation oc-
curred and judge whether the builder’s result matches the
goal. We evaluated four frontier VLMs on 421 cases drawn
from 19 real sessions [12] spanning place, move, and delete
actions.

The central finding is a fundamental dissociation. Open-
weight 7-8B models correctly identify what manipulation a
student performed in up to 93.8% of cases when given struc-
tured state contexts. However, their judgment of whether it
achieves the spatial goal remains at chance even with the
same context. Proprietary frontier models (GPT-5.2 [8],
Claude Sonnet 4.6 [1], Gemini 3 Flash [3]) achieve 80-93%
judgment accuracy. This result shows that knowing what
happened and evaluating whether it is correct are distinct
capabilities in current VLMs and that the second does not
follow from the first. This is the core problem we aim to
resolve in the proposed studies.

5. PROPOSED RESEARCH
Study 2: Fine-Grained Spatial Error Analysis. The study
1 (Section 4) measures correctness judgment as a binary
outcome. Our next step is to decompose errors into fine-
grained spatial error types including position offset, stacking
level error, and shape confusion. This will identify precisely
where VLM spatial reasoning breaks down and inform what
targeted representational support is needed for each error
type.

Study 3: Multimodal Context Integration. The underlying
dataset [12] contains synchronized speech and gesture anno-
tations alongside 3D structure states. Director instructions
such as “put the red block to the left of the blue one” pro-
vide explicit spatial context that may help a VLM resolve
ambiguous context. We will investigate whether integrating
transcribed speech and gesture improves judgment accuracy
and at what cost in system complexity. This experiment
extends our study to multimodal learning analytics.

Study 4: AI Tutor Prototype and Learning Outcomes. The
final phase will integrate findings from Studies 1-3 into an
AI tutor prototype and evaluate it in a controlled user study.
Participants will complete a block construction task with or

without AI tutor correctness feedback. The primary out-
come is task accuracy, and the secondary measure is spatial
reasoning transfer assessed through a post-task evaluation.
This study will provide the ecological validity and learning
science evidence.

6. EXPECTED CONTRIBUTIONS
Our current study and future research will produce four con-
tributions to the AI and education communities. First, a
benchmark for evaluating VLMs as AI tutors in real col-
laborative physical manipulations with reconstructable 3D
ground-truth annotations. Second, empirical evidence that
action identification and spatial correctness judgment are
distinct VLM capabilities with clear implications for tutor-
ing system design. Third, design guidelines for representing
3D spatial information to VLMs covering input modality
and multimodal context integration. Fourth, a controlled
study connecting VLM-based tutoring feedback to student
learning outcomes in a physical construction task. Taken to-
gether, these contributions bridge the gap between VLM ca-
pability evaluation and practical AI tutoring design in phys-
ical STEM learning environments.

7. CONCLUSION
Physical STEM manipulation is a rich and underexplored
setting for AI tutoring research at the intersection of com-
puter vision and learning sciences. This study addresses a
concrete open problem: current VLMs can recognize student
actions but cannot reliably evaluate whether those actions
are spatially correct. Bridging this gap requires better spa-
tial reasoning models and a clearer understanding of what
representational support AI tutors need in physical environ-
ments. Addressing this gap will advance both the theoretical
understanding of VLM spatial reasoning and the practical
development of AI tutoring systems for education.
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Figure 1: Examples used in the preliminary study to illustrate manipulation judgment across two complexity levels. The top row
shows a low complexity structure, and the bottom row shows a high complexity structure. The four columns show the Initial
State, Goal State, Wrong Manipulation, and Video Frame at Goal State. In the low complexity example, the required action is
placing a square blue block next to the yellow block, but the blue block is placed in the wrong location. In the high complexity
example, the required action is to place the square green block at level 2, but an orange double-sided curve block is placed at
the back of the structure.
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