MineCEraft: Evaluating Language Models
as Construction Engineers in the World of Minecraft

Sewoong Lee?, Risham Sidhu?, Julia Hockenmaier?, Yoonhwa Jung”

Siebel School of Computing and Data Science
The Grainger College of Engineering
University of Illinois Urbana-Champaign
®Department of Civil and Coastal Engineering
University of Florida

Correspondence: samuel27 @illinois.edu, rsidhu3 @illinois.edu, juliahmr@illinois.edu, yoonhwa.jung @ufl.edu

Abstract

We introduce MineCEraft (Minecraft Con-
struction Engineering Benchmark, pronounced
mine-see-ee-raft), an easy-to-use, open-source'
benchmark designed to systematically evalu-
ate the reliability and limitations of LLMs for
construction tasks in Minecraft. The MineCEr-
aft benchmark comprises 723 domain-expert
hand-crafted natural-language instructions with
programmatically verifiable evaluation, span-
ning 17 distinct task categories, providing a
safe and controllable experimental environment
for assessing LLMs’ ability to perform realis-
tic construction engineering tasks. With this
benchmark, we conduct an in-depth evaluation
of state-of-the-art LLMs and perform a detailed
error analysis, revealing key failure modes and
practical challenges in applying LLMs to con-
struction engineering tasks.

1 Introduction

Construction is one of the oldest branches of en-
gineering, accompanying humanity since its very
origin. While artificial intelligence has achieved
remarkable progress in fields such as mathemat-
ics (Tao, 2024; Chervonyi et al., 2025) and sci-
ence (Wang et al., 2026), its limited contribution
to construction engineering shows that Moravec’s
paradox (Moravec, 1988) still holds true in certain
domains: what is easy for humans remains diffi-
cult for computers, and what is easy for computers
remains difficult for humans.

While LLMs demonstrate impressive reasoning
capabilities in many text-based tasks, it remains
an open question how well these skills translate
to physical, spatial environments. To systemati-
cally evaluate this, we abstract the core challenges
of physical construction into a highly controlled,
simplified environment. A key question we investi-
gate is: “How can we systematically demonstrate

'Our code is available at https://github.com/

SewoonglLee/mineCEraf't.

MineCEraft Benchmark

Natural Language Instruction

System: You are builder, a construction engineer and
also a worker at a construction site. ...

User: Build a stone arch bridge.

v
Agent

Minecraft

LLMs

Skills

Action log
placeBlock(“stone”, 1, 2, 1)
placeBlock(“stone”, 1, 2, 2)

v

Rule-based Evaluation

(Professional Construction Engineering Level)

* Accuracy: Did it accurately follow the
instructions (e.g., material, shape, size)?

+ Safety: Is it safe in a real-world scenario?

+ Planning: Are there any inefficiencies or
infeasible dependencies in the
construction planning?

Figure 1: LLM-based agents fail to reliably execute
even a simple instruction to build an arched bridge.
We decompose the task into rule-based evaluation com-
ponents. This benchmark reveals the limitations that
prevent LLM-based agents from being reliably used in
real-world construction scenarios.

that even in a highly simplified environment like
Minecraft, LLMs cannot reliably perform even
basic construction tasks?”’

We reveal the limitations of LLM-based Al in
reliably executing instructions, producing not only
inaccuracies in shape and size, but also physically
implausible and unstable structures that violate fun-
damental engineering constraints. The contribu-
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A: Structural Element — Foundation

A: Structural Element — Frame

B: Building — Basic Building

B: Building — Multi-Story Building

Task: Install a 9x9 pile cap, 2 blocks thick,
with six 1x1 drilled piles, each 5 blocks deep,
with a 1-block span. Use stone blocks.

Failed in Shape &
Structural
Stability.

The drilled piles
are built above the
ground instead of
below it.

Task: Build the frame (including stairs) of a
10-story building using concrete.

'\"‘ Failed in Shape
\ A

& Structural
Stability.

The stairs are
not climbable,
and the
headroom
between levels is
insufficient.

Task: Let's build a house with pillars made of
stone, walls made of dirt, and a roof made of
green.

Passed in
Material.

Green blocks at
the top layer, and
the corner and
edge materials at
walking height are
correctly placed.

Task: Erect the structural frame for the
second floor: 4 columns and a floor slab at 5
block height.

Failed in Shape &
Physical Plausibility.
The four column clusters
are not detected in the
horizontal slice, and
some blocks are floating
without face support.

C: Architectural Element — A

C: AI hit t

ibility

al Element — Creativity

D: Construction Mngmt. — Planning

D: Construction Mngmt. — Revision

Task: Build a wheelchair-accessible house for
two elderly people and one care-giver...

Failed in Shape.

Task: Build a building with at least three
different ceiling heights.

- Failed in

Multi-turn Task

- Turn 1: Build a two-room house.

- Turn 2: The client changed their mind.
Revise it to a three-room house.

The path from
inside the

Task: Build a two-story house: .
- 2nd floor: Oak planks |
- Red ceiling
- Frame made of white concrete
- Stone foundation

Passed in D The construction follows

building to the
outside is not
flat, violating the
accessibility
requirement.

Physical

The roof is
placed in mid-
air without
support.

the correct order: foundation — frame — second

AL
1st turn (Failed) 2" turn (Failed)

E: Civil Engineering — Basic Bridge E: Civil Engineering — Arched Bridge

The number of rooms can be measured at each

E: Civil Engineering — Dome T €
turn using the flood-fill algorithm, but the structure

Task: Build a bridge to cross a 10-block wide
river. ... allow a boat approximately 3 x 3 x 3
blocks in size to pass through.

Task: Build a stone arch bridge.

Failed in Physical
b Plausibility.
- Although the

structure uses stone
material and forms a
concave arch-like
bottom surface
shape, some blocks
are supported only by

edge contact.

Passed in Size.
In horizontal
slices up to height
3, the distance
between clusters
remains at least 3.

is sealed without doors, making it inaccessible at
walking height.

Task: Build a dome with a base of 5 blocks in
diameter. The top must curve upward like a
hemisphere and reach at least 3 blocks high.

Failed in

Shape and

Physical Plausibility.
The dome is not a
single connected
structure and includes
floating blocks.

Figure 2: Examples of LLM-generated constructions in MineCEraft tasks. In the embodied Minecraft environ-
ment, the LLM frequently produces structurally flawed outputs even for relatively simple instructions. All examples
shown here were generated using claude-3-7-sonnet-20250219 with the agent configuration of White* et al.
(2025) (Appendix E.2). Examples created by humans are provided in Appendix H.

tions of this paper are as follows:

* We formulate embodied construction as an
engineering-constrained task, where correct-
ness requires physical plausibility, structural
stability, and planning feasibility, enabling
evaluation of structurally complex construc-
tions beyond edit-distance-based metrics used
in prior benchmarks.

* We introduce MineCEraft, an open-source
benchmark that combines natural language
instruction following, long-horizon embodied
construction, and an evaluation pipeline that
programmatically decomposes construction
quality into accuracy, safety, and planning cri-
teria.

* Using this framework, we provide system-
atic evidence that state-of-the-art LLM-based
agents severely lack reliable spatial reason-
ing and planning capabilities, consistently fail-
ing to satisfy fundamental engineering-level
safety and stability constraints even in a sim-
plified environment such as Minecraft.

2 Related Work
2.1 Embodied AI

Embodied Al research studies how agents ground
language in interactive environments, often focus-

ing on navigation (Thomason et al., 2020; Pad-
makumar et al., 2022) or short-horizon household
manipulation (Shridhar et al., 2020). While these
benchmarks evaluate sequential decision-making,
construction introduces a distinct challenge: agents
must generate spatial structures that satisfy com-
plex geometric, physical, and engineering con-
straints over long horizons.

2.2 Minecraft-based Construction and
Language Grounding

Minecraft has been widely used as a platform for
studying language-guided construction, focusing
both on instruction giving (Narayan-Chen et al.,
2019; Kohn et al., 2020) and following (Gray
et al., 2019; Jayannavar et al., 2020). Recent
works (Chaturvedi et al., 2024; Kranti et al., 2024;
Jayannavar et al., 2026) have explored the use of
text-only LLMs for the Builder Action Prediction
(BAP) task based on the Minecraft Dialogue Cor-
pus MDC) of Narayan-Chen et al. (2019). But
the MineCEraft benchmark differs fundamentally
from the MDC in that we are primarily interested
in the construction tasks themselves, whereas the
MDC focused on Minecraft as an interactive game,
and back-and-forth dialogue between the instruc-
tion giver and follower (builder). MineCEraft does
not assume that the builder can speak, but contains
on more complex and physically realistic build-
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Embodied Natural Lang.  Long-horizon . Construction
Benchmark Environment  Requirements Evaluation [ 1WSICS-aWare g ineerin

q g g
Voyager (Wang et al., 2024) v X v X X
EmbodiedBench (Yang et al., 2025) v v v v X
MineCollab (White* et al., 2025) v X 4 X X
CEQuest (Wu et al., 2025) X v X X v
BAPv2 (Jayannavar et al., 2026) v v v X X
MineCEraft (Ours) v v v v v

Table 1: Comparison of benchmarks.

ing tasks, disallowing the use of floating blocks
common in MDC target structures, while allowing
agents to use the full range of Minecraft materials
(not just a limited inventory of six colors).

MineCollab (White* et al., 2025) introduces
blueprint-based construction tasks in Minecraft
and evaluates agents’ ability to realize engineering-
style specifications. However, its tasks focus on
relatively basic structures (e.g. pyramids), and pro-
vide explicit coordinate-level blueprints, implying
that the primary challenge lies in execution rather
than in interpreting natural-language instructions.
In contrast, our MineCEraft evaluates realistic con-
struction using underspecified instructions, rather
than requiring an agent to replicate an exact target
structure.

2.3 Evaluation of Construction Engineering

Outside the Minecraft domain, several benchmarks
have studied construction engineering knowledge
in language models. CEQuest (Wu et al., 2025)
evaluates large language models on construction
engineering questions. While this benchmark pro-
vides a useful evaluation of domain knowledge, it
operates entirely in a text-based setting and does
not assess agents in embodied environments.

Complementary work has explored physics-
based simulation within Minecraft. For example,
Beck et al. (2024) introduced an elasticity solver for
Minecraft structures that enables stress and defor-
mation analysis of constructed buildings. Although
this work focuses on physical simulation rather
than on language-guided tasks, it demonstrates the
potential to evaluate the structural properties of
constructions in Minecraft environments.

Taken together, existing work evaluates either
language grounding in construction settings or en-
gineering knowledge in text-based environments.
However, none jointly evaluate natural-language
instruction following, embodied construction, long-

horizon spatial planning, and engineering-aware
structural evaluation.

MineCEraft addresses this gap by introducing a
benchmark for natural-language-guided construc-
tion tasks that incorporates engineering-inspired
evaluation criteria: it evaluates agents on their abil-
ity to interpret construction specifications, plan
multi-step building processes, and produce struc-
turally valid constructions within a unified frame-
work (see Table 1).

3 Task Setup

The MineCEraft benchmark contains 723 natural-
language construction instructions hand-crafted by
a domain-expert. These tasks span 17 distinct task
types designed to cover diverse construction sce-
narios and engineering requirements.

3.1 Underspecified Instructions

A defining feature of MineCEraft is its use of under-
specified instructions to evaluate this spatial reason-
ing. Unlike traditional benchmarks that compare
outputs against a single ground-truth target, our
tasks mirror real-world construction by requiring
agents to satisfy a set of open-ended constraints.

In our benchmark, a prompt such as “Build the
frame (including stairs) of a two-story building us-
ing concrete. Each upper floor should be 4 blocks
above the one below it.” does not have one exact
correct voxel configuration. Instead, agents are
evaluated on whether the final output meets explic-
itly defined criteria in Section 4 (e.g., correct shape,
size, material usage, physical plausibility). Further-
more, tasks frequently involve initial instructions
followed by multi-turn revisions. This tests the
agent’s ability to adapt its spatial understanding to
an evolving environment.
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(a) An example of physically implau- (b) von Mises stress of an example of a  (c) von Mises stress of an example of

the arch. x L IJ

sible floating blocks (highlighted in
red box).

flat-shaped bridge with a span and height
of 5 blocks (max. =~ 7.8kPa).

an arch-shaped bridge with a span and
height of 5 blocks (max. ~ 5.3kPa).

Figure 3: Evaluating arch-like structures beyond simple geometry. Prompt: “Build an arch bridge.” Physical
plausibility is verified via breadth-first search, penalizing disconnected floating blocks (e.g., Figure 3a, generated
by claude-3-7-sonnet-20250219). Structural stability is measured via von Mises stress. We use a standard flat
bridge (Figure 3b, ~ 7.8 kPa) as the max threshold (oy,ax). In structural engineering, a true arch distributes loads
more efficiently (Figure 3c, ~ 5.3 kPa), yielding a lower maximum stress than a flat bridge of the same span. Any
suboptimal arch exceeding the flat baseline stress (0max > Oret) receives a proportionally penalized stability score.

3.2 Task Design and Coverage

MineCEraft includes a set of construction tasks
that aim (1) to ensure broad diversity in construc-
tion scenarios, (2) to enable objective and precise
evaluation through explicit rules or physics-based
computation, and (3) to reflect requirements that
are realistic and plausible in real-world construc-
tion practice. Example error cases for qualitative
analysis are shown in Figure 2.

3.2.1 Structural Elements

This category covers fundamental structural com-
ponents of building: foundations, walls, roofs,
columns, and frames. Tasks specify concrete re-
quirements such as size, thickness, height, or num-
ber of layers. Because these elements are defined
by explicit geometric and material constraints, they
allow straightforward evaluation using rule-based
checks on dimensions and connectivity. They serve
as basic tests of structural correctness before intro-
ducing more complex construction scenarios.

3.2.2 Building Types

Beyond isolated structural elements, the Buildings
category evaluates the construction of integrated
buildings. These tasks combine multiple compo-
nents and introduce higher-level requirements, in-
cluding room layout, material constraints, acces-
sibility, and planning over time. The category in-
cludes a range of scenarios:

Basic Buildings Instructions specify material as-
signments to different parts of a house, such as
pillars, walls, roofs, and foundations. Variants in-
clude different material combinations and prompt
phrasings. The illustrative example is shown in
Figure 2-B, and these tasks are evaluated using

Algorithms 3 and 11.

Multiple Rooms/Bedrooms Tasks require con-
structing houses with a specified number of rooms
(e.g., one to five; see Algorithm 5). The multiple
bedroom instructions extend room-based tasks by
additionally specifying the number of beds to be
included in the house using Algorithm 2.

Multi-story Buildings Agents are instructed to
construct upper floors or structural frames with
explicit height and column constraints using Algo-
rithm 8.

3.2.3 Architectural Elements

Accessibility Some tasks introduce functional
requirements, such as wheelchair accessibility,
single-level layouts, minimum doorway width, or
clearly defined exit paths (Algorithm 7).

Creative Requests Creative variants impose ab-
stract geometric properties, such as asymmetric
structures or multiple ceiling heights. Asymmetry
is verified using the symmetry test described in
Section 4.1 (Shape iii), while ceiling requirements
ensure that the structure reaches a minimum height
without unsupported floating roofs (Figure 2-C).

3.2.4 Civil Engineering Structures

A natural extension beyond building-scale construc-
tions is to consider civil engineering structures such
as bridges.

Bridges Bridge tasks specify river widths and
clearance requirements for boats of given dimen-
sions. At ground level, the structure must form two
distinct support clusters separated by at least the
required span (Algorithm 6).
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(c) von Mises stress under balanced sup-
port (max. =~ 60 MPa).

(a) Biased column placement
where the center column is posi-
tioned adjacent to another column.

(b) von Mises stress under biased support
(max. = 140 MPa).

Figure 4: MineCEraft shows that the LLLM-generated structures in (a) and (b) are structurally unstable
compared to the alternative in (c). When the center column is attached to another column, the load is not distributed
uniformly, leading to a biased stress field and a higher peak von Mises stress (= 140 MPa) compared to the balanced
five-column configuration (= 60 MPa). The construction was generated using claude-3-7-sonnet-20250219
with the prompt: “Build a 10 x 10 flat roof supported by exactly five 2 x 2 X 2 columns. Arrange the columns so

that the roof is as structurally stable as possible.”

Arch Bridges We further introduce arch bridge
variants that require curved upper and lower sur-
faces with explicit span and height constraints.
These tasks extend the Arch Bridge Challenge de-
scribed in Appendix B, which presents a simplified
two-dimensional diagnostic example, into a full
three-dimensional evaluation (Figure 3).

Domes To extend curvature beyond bridges, we
include dome-like structures defined by base diam-
eter and minimum height constraints, evaluated by
Algorithms 4 and 6 In addition to instructions that
explicitly use the term “dome,” we also include
variants such as “igloo,” which differ in wording or
material but impose essentially the same geometric
requirements.

3.2.5 Construction Management

Resource Optimization. Certain instructions
limit available materials and require constructing
the largest possible structure under the given con-
straint using Algorithms 2 and 10.

Single-turn Planning. In these tasks, all con-
struction requirements are provided in a single in-
struction, without specifying the order of execution.
The agent must determine an appropriate construc-
tion sequence as in Section 4.3, which is evaluated
by Algorithm 13.

Multi-turn Planning & Revision. Multi-turn
scenarios involve sequential modifications to an
existing structure. After each instruction that up-
dates the required number of rooms, the resulting
structure is validated using Algorithm 5.

3.3 MineCEraft-Lite: A Cost-Efficient Subset

Since running the full benchmark can be compu-
tationally expensive, we also provide MineCEraft-
Lite, a stratified subset of tasks for cost-efficient
experiments. This version is constructed via pro-
portional sampling with a random seed across task
categories and planning complexity levels to pre-
serve the diversity and difficulty distribution of the
full benchmark. Specifically, MineCEraft-Lite con-
tains 25 tasks sampled from the 17 task categories
of the full benchmark. We recommend reporting
results on the full benchmark whenever feasible,
while MineCEraft-Lite serves as a practical alterna-
tive for rapid prototyping and resource-constrained
settings, including human evaluation. The repre-
sentativeness of the lite version is discussed in Ap-
pendix F.

4 Evaluation Criteria

In this work, we design an evaluation pipeline that
is fully verifiable with rule-based algorithms. As
illustrated in Figure2, structural properties such
as ground connectivity or span separation can be
verified through explicit algorithms (e.g., breadth-
first search for connectivity checks).

This rule-based approach provides another ad-
vantage. Since correctness is defined by executable
code rather than explicit ground-truth text answers
exposed to web-crawling, the benchmark is inher-
ently resistant to data contamination from LLM pre-
training, while simultaneously providing a ready-
made reward function for reinforcement learning
applications.

By decomposing each construction task into
objectively verifiable constraints, we transform
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open-ended instruction following into a set of well-
defined engineering criteria. Specifically, we eval-
uate construction quality along three dimensions:
accuracy, safety, and planning.

4.1 Accuracy

Accuracy is evaluated along three dimensions,
x, Y, 2, using the set of blocks placed by the agent.
We represent the constructed structure as a block
set B = {(z, y, z, material) }, where each tuple de-
notes the spatial coordinates and material type of
a block. In all cases, evaluation maps B together
with task parameters (e.g. expected counts, materi-
als, heights) to pass or fail.

Material. Block types and counts are checked
against the spec by matching each block’s material
(exact or substring), optionally restricting to a sub-
set by position (e.g. corners, boundaries at a height
y, or the top layer), then requiring either a count
condition #{matching} = k for a specified count
k, or a ratio condition #{matching} > 6 - |subset|
for a ratio threshold 6 € [0, 1].

Shape. Geometric constraints are verified in
three ways: (i) connectivity—at a given y, clus-
ters on the (z,z)-plane (4- or 8-neighbors) are
formed, then cluster count, inter-cluster distance,
or radius/diameter are constrained, and BFS is
used for reachability (exit, rooms, passable doors);
(i1) surface concavity—for the top or bottom sur-
face (z,z) — y, the actual y must lie above or
below the linear interpolation between any two sur-
face points; (iii) symmetry—whether the structure
exactly matches itself under reflection or folding.

Size. Dimensions are evaluated by computing
axis ranges Azx = maxx — min x (and similarly
Ay, Az) and miny, maxy over I3, then compar-
ing them to the specification. The horizontal axes
x and z are evaluated interchangeably, since the
Minecraft coordinate system only uniquely distin-
guishes the vertical (gravity-aligned) axis y from
the rotationally symmetric z—z ground plane.

4.2 Safety

In general, safety at construction sites is influenced
by a wide range of factors, including regulatory
compliance, hazard identification and assessment,
and excavation processes. Our study selects a sub-
set of these factors that can be naturally and effec-
tively observed within a simulation environment
such as Minecraft, and automates their verification.

Physical Plausibility Analysis Typically, at-
tempts to place blocks in mid-air or to build from
top to bottom rather than from bottom to top are
common feasibility issues. For example, as in Fig-
ure 3a, whether a structure shows this issue can
be checked by a breadth-first search that verifies
ground connectivity (i.e., that every block is reach-
able from at least one block with y < 0 via face
adjacency) and converted into a 0/1 score for each
prompt.

Structural Stability Analysis Structures with
missing or unevenly distributed supports (e.g., a
wide roof on few columns) are at risk of collapse.
We quantify this using the von Mises stress, fol-
lowing Beck et al. (2024). For each construction,
we run a simulation to obtain the maximum von
Mises stress omax over all blocks. We compare
this to a task-specific optimal baseline, o,.¢, which
represents the maximum stress of an ideal, human-
designed configuration for that specific task (e.g.,
Figure 4c: an evenly distributed column layout to
support a roof). The structural stability score is then
computed as min(1, oyer/0max). Consequently,
if the agent’s structure yields a maximum stress
higher than the optimal reference (0 ax > Oref), its
score is proportionally penalized to reflect subopti-
mal stability. The detailed formulation is provided
in Appendix G.

4.3 Planning

Construction inherently involves long-horizon plan-
ning. When placing tens to hundreds of blocks,
organizing a sequence of actions over time deter-
mines what can be built and how efficiently the
construction can proceed. In real-world construc-
tion practice, this is examined through scheduling
reviews, which involve checking dependencies and
measuring construction inefficiencies. In this work,
we evaluate planning along two complementary
dimensions: dependency and efficiency.

Dependency Analysis One of the most critical
aspects of construction scheduling is planning de-
pendency. For a simple example, a roof cannot be
constructed before the supporting columns. Such
cases are detected by verifying the presence of re-
quired supporting materials before dependent com-
ponents are placed. In many tasks, each building
element is explicitly assigned a distinct material.
This allows us to infer the construction order by
tracking when blocks of each material are placed
in the action log. Based on this reconstruction, we
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Models

Category  Subcategory Human

1llama-4 claude-4-5 gpt-5 -mini gemini-3

-17b-16e -sonnet -pro

Material 27.0% 84.5% 92.7% 70.4% 97.8%
Accuracy  Shape 22.2% 55.8% 53.4% 50.3% 99.2%
Size 3.2% 68.1% 77.0% 52.8% 91.7%
Safet Physical Plausibility 77.8% 85.0% 68.3% 92.0% 98.3%
Y Structural Stability 25.0% 57.1% 50.7% 42.7% 93.9%
Plannin Efficiency 47.1% 56.2% 55.6% 59.7% 95.6%
€ Dependency 7.4% 96.3% 68.6% 78.2% 90.0%

Table 2: Performance on MineCEraft across different model families and sizes. Human results are reported on
MineCEraft-Lite for reference (see Appendix E.1). Overall, LLMs underperform human participants across most
evaluation categories. For Lite-only comparisons across all models, see Table 10 in Appendix F. For evaluation

results on more models, see Table 11 in Appendix F.

determine whether structural elements were built
in a valid sequence. Specifically, the load-bearing
hierarchy, such as foundation — columns — walls
— ceiling/roof, must follow this order. Violations
are evaluated as failures. In contrast, non-structural
tasks such as ceiling vs. drywall or paint vs. case-
work do not require a single correct ordering. Such
steps may be executed in either order without con-
stituting an error.

Efficiency Analysis Another key planning chal-
lenge in construction is optimizing motion and time
efficiency, often driven by movement. For example,
when human workers are instructed to lay bricks in
a 10-by-10 pattern, they naturally use an L-shaped
traversal (or lawnmower pattern) that minimizes un-
necessary movement. In contrast, we observe that
Al agents, particularly when actions are planned
through code using a naive for-loop structure, tend
to place bricks sequentially from (1,1) to (1,10),
and then return all the way back to (2,1) to con-
tinue placement. We represent the ordered block
placement sequence as B = (b1, ba, . .., by,), where
each b; € Z? denotes the spatial coordinate of a
placed block. The total L1 (Manhattan) path length
is then defined as Lt = S0 b1 — byf1.
The minimum possible length, when every step is
to an adjacent cell, is n — 1. The efficiency score is
defined as min (1, (n—1)/L{*!) € [0, 1], so that
the optimal path yields 1, and any extra distance or
long jumps reduces the score.

5 Experiments

5.1 Agent Setup

We adopt MINDcraft (White* et al., 2025) as our
primary agent architecture. Our benchmark is com-

patible with any agent capable of (i) receiving nat-
ural language instructions as input and (ii) interfac-
ing with Minecraft via the Mineflayer API (Pris-
marinelS). To our knowledge, MINDcraft (White*
et al., 2025) is among the few non-finetuned LLM-
based agents evaluated on construction tasks capa-
ble of translating natural language reasoning into
executable actions within a live Minecraft environ-
ment.

At a high level, the agent consists of three com-
ponents: (a) a language and planning module, (b)
a coding interface to the Minecraft environment,
and (c) a predefined skill library. Given a natural
language instruction, the LLM first produces a high-
level plan describing the construction procedure.
This plan is then translated by the coding compo-
nent into executable JavaScript commands that in-
teract with the environment through the Mineflayer
API, using the provided skill library as building
blocks for common actions. The execution envi-
ronment records detailed action logs (Figure 1); we
parse these logs to recover the sequence of block
placements and removals. The resulting structures
are then automatically graded using our rule-based
evaluation criteria.

To ground the model in real-world construction
constraints, we modify its system prompt to ex-
plicitly encode engineering assumptions (see Ap-
pendix E.2 for prompt details and the full skill
library). All other settings remain identical to
MINDcraft.

5.2 [Experimental Results

Reliable construction remains challenging for
LLMs. Table 2 reports model performance on in-
dividual evaluation categories, including accuracy,
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1lama-4-17b-16e claude-4-5-sonnet gpt5-mini gemini-3-pro
#Problems #Correct Overall Acc. #Correct Overall Acc. #Correct Overall Acc. #Correct Overall Acc.
723 3 0.4% 192 26.6% 286 39.6% 277 38.3%

Table 3: Overall problem-level accuracy across the 723 MineCEraft prompts. Scores are computed by requiring
that all success/failure evaluation criteria for a problem be satisfied simultaneously. A more detailed instruction-level
aggregation method is explained in Appendix D.1. Even the strongest models achieve less than 40% overall accuracy.
For comparison, human participants achieve 90% accuracy on MineCEraft-Lite.

safety, and planning metrics. Although state-of-the-
art models achieve moderate scores on several of
these criteria, solving an entire construction prob-
lem requires satisfying all applicable constraints
simultaneously.

We therefore evaluate problem-level success
across the 723 MineCEraft problems by checking
whether a construction satisfies all evaluation crite-
ria at once. Under this strict definition, no model
achieves an overall accuracy above 40% (Table 3),
meaning that even the strongest models fail to cor-
rectly complete the majority of construction tasks.

For comparison, when the same tasks were evalu-
ated by two human participants with graduate-level
degrees in construction engineering, each provided
with the same information as the LLM agents (see
Appendix E.1 for details), human participants suc-

cessfully solved roughly 90% of the problems. This
stark gap indicates that current LLMs remain far
from the level of reliability required for construc-
tion tasks.

‘Step-by-step’ does not improve performance in
construction. In domains such as mathematics,
adding prompts like “Let’s think step by step.” has
been shown to improve performance by eliciting
chain-of-thought reasoning (Kojima et al., 2022).
However, in embodied construction tasks, adding
this phrase did not lead to measurable performance
gains. Instead, performance improvements were
observed only when prompts explicitly targeted
construction-specific constraints. For example,
adding “Let’s think about the order in which we
should place the blocks to optimize the movement
path.” reduced inefficient block placement trajecto-
ries (see Appendix D). These findings suggest that
improvements in verbal reasoning prompts do not
automatically translate into physical environments.

Robust to technical terms, sensitive to every-
day verbs. For example, a field-specific jargon
such as SOMD (slab on metal deck) did not yield
lower scores than simplified explanations, suggest-

ing that construction-specific vocabulary is reason-
ably well captured during pre-training. In contrast,
performance often varied with the everyday verb
used in the instruction. For certain models, such
as claude-4-5-sonnet, tasks that differed only in
the verb “build,” “create,” or “construct” produced
different results, with “construct” leading to higher
material and shape accuracy. Detailed results are
provided in Appendix D.

LLMs are good at math, weaker at physics.
While our results reveal substantial weaknesses
of LLMs in physics-grounded construction and
planning, we observe an interesting counterpoint:
when spatial reasoning can be reduced to a closed-
form, formula-driven optimization problem, LLMs
may outperform human participants. For exam-
ple, given the instruction: “With only 56 oak wood
planks, construct the largest possible single-room
cabin.”, an optimal solution requires recognizing
that a hollow cubic structure with 43 — 23 = 56.
LLMs often effortlessly identify this volumetric
relationship and construct the optimal structure. In
contrast, none of the human participants success-
fully discovered the optimal structure even after a
number of trials and errors.

6 Conclusion

In this work, we introduced MineCEraft, an open-
source benchmark for evaluating large language
models as construction engineers in a controlled
Minecraft environment. MineCEraft jointly as-
sesses natural-language instruction following, con-
struction accuracy, safety, and long-horizon plan-
ning using rule-based and physically grounded met-
rics. Our evaluation reveals that state-of-the-art
LLMs consistently fail to produce reliable and safe
construction plans, even for seemingly simple tasks.
These results highlight fundamental limitations of
current embodied language models in construction
engineering and underscore the need for more ro-
bust reasoning, planning, and physical grounding.
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Limitations

As the first benchmark to jointly evaluate natural-
language instruction following, long-horizon con-
struction, and physics-aware structural stability in
Minecraft, MineCEraft inevitably has several limi-
tations.

First, our evaluation focuses on detecting clear
and objective violations of task requirements rather
than sufficiently certifying construction quality. To
be specific, a construction that satisfies all rubric
criteria cannot be guaranteed to be perfect in a
real-world setting; however, failure to achieve a
full score indicates a clear violation of the speci-
fied requirements. For example, when evaluating
structural stability, identifying the globally opti-
mal roof configuration is an NP-hard combinato-
rial optimization problem. Therefore, we adopt a
reference-based comparison, such as the balanced
configuration shown in Figure 4c. While current
LLM performance makes such faults relatively easy
to detect, more refined benchmarks will be neces-
sary as model capabilities improve.

Second, although Minecraft provides a highly
flexible and controllable simulation environment, it
remains an abstraction of the real world. Although
arch bridges can be constructed, certain structural
types, such as suspension bridges, cannot be rep-
resented within the block-based mechanics. Addi-
tionally, our stress analysis follows the elasticity
formulation of Beck et al. (2024), and exploring
alternative physical assumptions or more realistic
material models constitutes an important direction
for future work.

Third, due to computational constraints, our ex-
periments cover a limited set of state-of-the-art
LLMs and focus on text-based interaction through
Mineflayer. This design enables efficient and re-
producible evaluation with relatively modest com-
putational resources compared to vision-language
models. However, the absence of visual feedback
may limit the ability of multimodal agents to fully
leverage their visual grounding capabilities in our
current setting. Evaluating agents with egocentric
visual perception and multimodal reasoning capa-
bilities therefore remains an important direction for
future research.

Finally, our results are also sensitive to the
choice of system prompt. As shown in Ap-
pendix D.4, removing the brevity constraint can
substantially change performance on several eval-
uation criteria, particularly dependency planning.

A systematic study of system-prompt design and
optimization is required in future work.

Acknowledgments

We sincerely thank Prashant Jayannavar and Sid-
darth Madala for their valuable feedback and help-
ful discussions.

References

Zachariah Beck, Brandon Alpert, Alexander Bowman,
William R Watson, and Adrian B Tepole. 2024. Elas-
ticity solver in Minecraft for learning mechanics of
materials by gaming. Biomedical Engineering Edu-
cation, 4(1):129-135.

Akshay Chaturvedi, Kate Thompson, and Nicholas
Asher. 2024. Nebula: A discourse aware Minecraft
builder. In Findings of the Association for Computa-
tional Linguistics: EMNLP 2024, pages 6431-6443,
Miami, Florida, USA. Association for Computational
Linguistics.

Yuri Chervonyi, Trieu H Trinh, Miroslav Olsdk, Xi-
aomeng Yang, Hoang H Nguyen, Marcelo Menegali,
Junehyuk Jung, Junsu Kim, Vikas Verma, Quoc V
Le, and 1 others. 2025. Gold-medalist performance
in solving olympiad geometry with AlphaGeometry?2.
Journal of Machine Learning Research, 26(241):1-
39.

Jonathan Gray, Kavya Srinet, Yacine Jernite, Hao-
nan Yu, Zhuoyuan Chen, Demi Guo, Siddharth
Goyal, C. Lawrence Zitnick, and Arthur Szlam. 2019.
CraftAssist: A framework for dialogue-enabled inter-
active agents. Preprint, arXiv:1907.08584.

Prashant Jayannavar, Anjali Narayan-Chen, and Julia
Hockenmaier. 2020. Learning to execute instructions
in a Minecraft dialogue. In Proceedings of the 58th
annual meeting of the association for computational
linguistics, pages 2589-2602.

Prashant Jayannavar, Liliang Ren, Marisa Hudspeth,
Risham Sidhu, Charlotte Lambert, Ariel Cordes, Eliz-
abeth Kaplan, Anjali Narayan-Chen, and Julia Hock-
enmaier. 2026. BAP v2: An enhanced task frame-
work for instruction following in Minecraft dialogues.
Computational Linguistics, pages 1-57.

Arne Kohn, Julia Wichlacz, Christine Schifer, Alvaro
Torralba, Joerg Hoffmann, and Alexander Koller.
2020. MC-Saar-Instruct: a platform for Minecraft
instruction giving agents. In Proceedings of the 21th
Annual Meeting of the Special Interest Group on Dis-
course and Dialogue, pages 53-56, 1st virtual meet-
ing. Association for Computational Linguistics.

Takeshi Kojima, Shixiang Shane Gu, Machel Reid, Yu-
taka Matsuo, and Yusuke Iwasawa. 2022. Large lan-
guage models are zero-shot reasoners. Advances in

neural information processing systems, 35:22199—
22213.

2651


https://doi.org/10.18653/v1/2024.findings-emnlp.374
https://doi.org/10.18653/v1/2024.findings-emnlp.374
https://arxiv.org/abs/1907.08584
https://arxiv.org/abs/1907.08584
https://doi.org/10.18653/v1/2020.sigdial-1.7
https://doi.org/10.18653/v1/2020.sigdial-1.7

Chalamalasetti Kranti, Sherzod Hakimov, and David
Schlangen. 2024. Retrieval-augmented code genera-
tion for situated action generation: A case study on
Minecraft. In Findings of the Association for Com-
putational Linguistics: EMNLP 2024, pages 11159—
11170, Miami, Florida, USA. Association for Com-
putational Linguistics.

H. Moravec. 1988. Mind Children: The Future of Robot
and Human Intelligence. Harvard University Press.

Anjali Narayan-Chen, Prashant Jayannavar, and Ju-
lia Hockenmaier. 2019. Collaborative dialogue in
Minecraft. In Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguistics,
pages 5405-5415, Florence, Italy. Association for
Computational Linguistics.

Aishwarya Padmakumar, Jesse Thomason, Ayush Shri-
vastava, Patrick Lange, Anjali Narayan-Chen, Span-
dana Gella, Robinson Piramuthu, Gokhan Tur, and
Dilek Hakkani-Tur. 2022. TEACh: Task-driven em-
bodied agents that chat. In Proceedings of the AAAI
Conference on Artificial Intelligence, volume 36,
pages 2017-2025.

PrismarineJS. Mineflayer.

Mohit Shridhar, Jesse Thomason, Daniel Gordon,
Yonatan Bisk, Winson Han, Roozbeh Mottaghi, Luke
Zettlemoyer, and Dieter Fox. 2020. ALFRED: A
benchmark for interpreting grounded instructions for
everyday tasks. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition,
pages 10740-10749.

Terence Tao. 2024. Machine assisted proof. Notices of
the American Mathematical Society, to appear.

Jesse Thomason, Michael Murray, Maya Cakmak, and
Luke Zettlemoyer. 2020. Vision-and-dialog navi-
gation. In Conference on Robot Learning, pages
394-406. PMLR.

Guanzhi Wang, Yuqi Xie, Yunfan Jiang, Ajay Man-
dlekar, Chaowei Xiao, Yuke Zhu, Linxi Fan, and
Anima Anandkumar. 2024. Voyager: An open-ended
embodied agent with large language models. Trans-
actions on Machine Learning Research.

Miles Wang, Robi Lin, Kat Hu, Joy Jiao, Neil
Chowdhury, Ethan Chang, and Tejal Patwardhan.
2026. FrontierScience: Evaluating AI’s ability
to perform expert-level scientific tasks. Preprint,
arXiv:2601.21165.

Isadora White*, Kolby Nottingham*, Ayush Maniar,
Max Robinson, Hansen Lillemark, Mehul Mahesh-
wari, Lianhui Qin, and Prithviraj Ammanabrolu.
2025. Collaborating action by action: A multi-agent
LLM framework for embodied reasoning. arXiv
preprint arXiv:2504.17950.

Yanzhao Wu, Lufan Wang, and Rui Liu. 2025. CEQuest:
Benchmarking large language models for construc-
tion estimation. Preprint, arXiv:2508.16081.

Rui Yang, Hanyang Chen, Junyu Zhang, Mark
Zhao, Cheng Qian, Kangrui Wang, Qineng Wang,
Teja Venkat Koripella, Marziyeh Movahedi, Man-
ling Li, Heng Ji, Huan Zhang, and Tong Zhang.
2025. EmbodiedBench: Comprehensive benchmark-
ing multi-modal large language models for vision-
driven embodied agents. In Forty-second Interna-
tional Conference on Machine Learning.

A Expert Annotation Details

MineCEraft tasks were created through a struc-
tured expert-guided process as follows. First, a
construction-engineering faculty member with a
Ph.D. in Civil Engineering designed the high-level
task structures, focusing on instructions commonly
used in real-world construction practice and that
can be objectively evaluated in the game-simulation
world of Minecraft. For each task family, the expert
concretized the intended construction scenarios,
constraints, and the feasible programmatic checks.
We then augmented these templates into 723 task
instances by varying dimensions, materials, counts,
wording, and planning/revision orders, following
the expert’s guidelines. Each task instance is stored
as natural-language prompt variants paired with ex-
ecutable checks. Lastly, the task set was reviewed
again during human evaluation by the authors and
the expert to verify that the automatic scoring logic
is consistent with the manual inspection results and
reflects the intended requirements.

B Toy Example: Arch Bridge Challenge

As a point of departure, we begin with a very sim-
ple experiment, the Arch Bridge Challenge (ABC).
Consider the following prompt:

Let's build an arch bridge viewed
— from the side using stones (#)
— and empty spaces (-).

Chances are that even a state-of-the-art LLM (e.g.,
ChatGPT 5) will generate a non-arch structure (or
not even a bridge at all), as illustrated in Figure 5.
In contrast, also consider an LLM output when
prompted with:

Draw an arch bridge as an image.

In general, with the second prompt, a text-to-
image model can produce a beautiful, well-formed
bridge. This contrast suggests that certain forms
of knowledge within LLMs are not internally well-
connected; in other words, their ability to general-
ize across modalities is limited.
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Put differently, although an LLM may respond
as if it understands what an arch is, merely chang-
ing the output modality from image generation to
text generation reveals a failure of generalization.
This example, therefore, can serve to debunk the
illusion that LLMs truly understand the structural
principles of an arch bridge.

C Evaluation Algorithms

Notation and Terminologies. We represent a
structure as a block set B, where each block
b € B has integer coordinates (x,y,z) and a
material label b.material. When construction or-
der is relevant, we write B = (by,...,by,) for
the ordered block-placement sequence. We use
match(b.material, m) to denote material match-
ing under the canonical material taxonomy used
in the benchmark. Some checks operate on pre-
defined subsets of blocks. These are specified
using a region selector r that extracts a subset
R = r(B) C B (e.g., corners at a given height,
boundary walls, or the top layer). For connectivity
in 3D we use 6-neighbor face adjacency. For pla-
nar flood-fill operations on the x—z grid (e.g., room
counting), we use 8-neighborhood connectivity.

Concretely, metrics are evaluated by the follow-
ing algorithms:

* Material accuracy: Algorithms 1-3.
» Shape accuracy: Algorithms 4-8.

* Size accuracy: Algorithms 9 and 10.
* Physical plausibility: Algorithm 11.
* Structural stability: Appendix G.

* Efficiency: Algorithm 12.

* Dependency: Algorithm 13.

D Additional Results and Statistics
D.1 Overall Problem Accuracy

One may ask the following two questions. First,
at the level of the entire criteria of each problem,
how often does a model satisfy all binary accuracy-
related requirements? Second, among the construc-
tions that do satisfy those binary requirements, how
high are the graded/continuous metrics, such as ef-
ficiency and structural stability?

These questions are particularly important in
construction, where even a single mistake is often

Algorithm 1 Global Material Uniformity

Require: Block set B, target material m
Ensure: TRUE iff every block uses material m
1: if B = () then
2 return FALSE
3: end if
4: forallb € Bdo
5 if —-match(b.material, m) then
6: return FALSE
7
8
9

end if
: end for
: return TRUE

not allowed. Since simply averaging heterogeneous
metrics can obscure risk, a stricter and more reli-
able aggregation at the problem level is reported in
Table 4. We first define a construction as accurate
if it satisfies the intersection of all accuracy criteria.
We then further aggregate across safety and plan-
ning by additionally requiring physical plausibility
and dependency satisfaction, which are also binary,
producing an overall success criterion that reflects
the intersection of these dimensions. As shown in
Table 4, the resulting problem-level success rates
are substantially lower than the instruction-level ac-
curacies reported earlier. This stricter aggregation
makes it clearer that current LLM-based agents still
struggle to perform construction tasks in a reliable
manner.

A second question is whether constructions that
are accurate in this strict binary sense tend to
achieve better performance on graded metrics. Ta-
ble 5 suggests two main observations (excluding
11ama-4-17b-16e, which produced no fully accu-
rate constructions on the relevant subsets). First,
binary accuracy does not necessarily translate into
improved efficiency. That is, even when a model
produces a construction that correctly satisfies the
required material, shape, and size constraints, the
resulting building process is not consistently more
movement-efficient.

Second, constructions that satisfy the accuracy
criteria sometimes exhibit slightly higher struc-
tural stability for some models (gpt5-mini and
gemini-3-pro). This observation is consistent
with basic engineering intuition. There is no in-
herent reason to expect that a structure built exactly
according to specification must also have been con-
structed efficiently. In contrast, constructions that
satisfy material, shape, and size constraints tend to
exhibit slightly higher structural stability.
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1lama-4-17b-16e  claude-4-5-sonnet gpt5-mini gemini-3-pro
Metric #Problems #Correct Accuracy #Correct Accuracy #Correct Accuracy #Correct Accuracy
Overall Accuracy (acc N pp N dep) 723 3 0.4% 192 26.6% 286 39.6% 277 38.3%
Accuracy (material N shape N size) 699 11 1.6% 197 28.2% 317 45.4% 266 38.1%
Material 455 129 28.4% 314 69.0% 410 90.1% 296 65.1%
Shape 563 11 2.0% 115 20.4% 213 37.8% 178 31.6%
Size 369 7 1.9% 145 39.3% 284 77.0% 195 52.8%
Physical Plausibility 723 372 51.5% 385 53.3% 490 67.8% 663 91.7%
Dependency 156 8 5.1% 104 66.7% 153 98.1% 122 78.2%

Table 4: Problem-level aggregation of binary success criteria. A construction is counted as accurate only if it
satisfies all applicable accuracy requirements for that problem simultaneously, i.e., material N shape N size. The
stricter overall criterion additionally requires physical plausibility and dependency satisfaction, i.e., accuracy N
physical plausibility N dependency. This evaluation is stricter than the instruction-level results in Table 2: a single
problem may contain multiple instructions (for multi-turn tasks) and multiple checks within the same category (e.g.,
several shape constraints), so success is counted only when all required conditions within the problem are satisfied
together. The performance drop compared to Table 2 more clearly reveals that current LLMs still struggle to reliably

execute construction tasks.

llama-4-17b-16e claude-4-5-sonnet gpt5-mini gemini-3-pro
Metric #All All #Acc.  Acc.-only All #Acc.  Acc.-only All #Acc.  Acc.-only All #Acc.  Acc.-only
Eff. (L1) 112 47.1% 0 - 56.2% 94 54.9% 55.6% 110 55.1% 59.7% 100 54.8%
Stab. (stress) 21 25.0% 0 - 57.1% 5 54.1% 50.7% 7 59.7% 42.7% 10 80.7%

Table 5: Graded metrics evaluated at the problem level. ‘#All’ denotes the number of applicable problems
for each metric and is shared across models. For each model, ‘All’ reports the mean score across all applicable
problems, ‘#Acc.’ is the number of problems whose binary accuracy constraints are fully satisfied, and ‘Acc.-only’
reports the mean score restricted to that accurate subset. Accuracy does not consistently improve efficiency, but
accurate constructions sometimes exhibit modest gains in structural stability.

D.2 Effect of Chain-of-Thought Prompting

We further analyze the effect of chain-of-thought
style prompting on construction performance.
While prompts such as “Let’s think step by step”
have been shown to improve reasoning perfor-
mance in domains such as mathematics (Kojima
et al., 2022), we observe little to no measurable
improvement in embodied construction tasks. In
contrast, prompts that explicitly encourage reason-
ing about construction order or movement planning
lead to modest improvements in planning-related
metrics. Detailed results are reported in Table 6.

D.3 Sensitivity to Instruction Verbs

We examine how variations in instruction wording
affect model performance. Specifically, we com-
pare prompts that differ only in the verb used (e.g.,
“build”, “create”, or “construct”). Despite convey-
ing similar semantic intent, we observe measurable
performance differences across several models and
evaluation criteria, as in Table 7. This suggests
that LLM behavior on construction tasks can be
sensitive to subtle variations in natural-language
instructions.

Prompt Type 1llama claude gpt-5 gemini

-4 -4-5 -mini  -3-pro
-scout -sonnet

Baseline 54.8% 583% 583% 58.3%

Step-by-step 524% 583% 583%  58.3%

A (vs. Baseline) -2.4% 0.0% 0.0% 0.0%

Order-aware 524% 792% 79.2%  100.0%

A (vs. Baseline) -24% +209% +20.9% +41.7%

Table 6: Construction efficiency (%, higher is better) for
the foundation-building task under different prompting
strategies. The baseline prompt contains only the task
instruction. Step-by-step adds the generic reasoning
cue “Let’s think step by step.”, whereas Order-aware
adds the task-specific cue “Let’s think about the order
in which we should place the blocks to optimize the
movement path.” Rows labeled A show the change in
efficiency relative to the baseline. The generic reasoning
cue does not improve efficiency, while the order-aware
cue yields substantial gains for several models.

D.4 Sensitivity to System Prompt

We further examine whether the system prompt af-
fects model performance. In particular, we remove
the instruction “Be very brief in your responses’
from the original MINDcraft-based system prompt
(White* et al., 2025) while keeping the remaining

’
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Algorithm 2 Counting Blocks of a Given Material

Algorithm 3 Regional Material Ratio Check

Require: Block set B, expected material m (op-
tional), substring flag s
Ensure: Number of blocks whose material
matches m
: count <0
: for each block b € B do
if m is None then
count < count + 1

let mat be the material of b
if s is TRUE then
if m is a substring of mat then
count < count + 1

1

2

3

4:

5: else
6

7

8

9:

10: end if

11: else

12: if mat = m then

13: count < count + 1
14: end if

15: end if

16: end if

17: end for

18: return count

setup unchanged. Table 8 compares the original
prompt with this modified prompt for four repre-
sentative models.

Removing the brevity constraint substantially
improves dependency planning across all four mod-
els, with gains ranging from 20.0 to 40.0 percent-
age points. However, the effect is not uniformly
positive across other criteria. For example, some
models improve substantially in structural stabil-
ity, whereas shape, physical plausibility, or effi-
ciency can decrease. These results indicate that con-
struction performance can be sensitive to system-
prompt design, motivating a more systematic study
of prompt design and optimization in future work.

D.5 Additional Multimodal Model
Comparison

To further investigate the potential of multimodal
models, we additionally compare GPT-4 with GPT-
40. As shown in Table 9, GPT-40 outperforms
GPT-4 across all evaluation criteria, with particu-
larly large improvements in material accuracy and
structural stability. Although this comparison does
not directly evaluate visual perception, as visual ob-
servations are not provided during evaluation, the
result provides indirect evidence that capabilities
of multimodal models may still benefit embodied

Require: Block set B, region selector r, target
material m, threshold 7
Ensure: TRUE iff the selected region mostly uses

material m
1: R+ T(fg)
2: if R = () then
3: return FALSE
4: end if
5: ¢ + |{b € R : match(b.material, m)}|
6: return (¢/|R|) > 7

Algorithm 4 Surface Concavity Check

Require: Block set B,
{Top, BOTTOM}
Ensure: TRUE iff some axis-aligned slice is con-
cave
if B = () then
return TRUE
end if
Compute surface height map S(x, z) using
max, for TOP and min, for BOTTOM
Construct all 1D slices of .S by fixing z or z
6: for all slices P do
if P satisfies the chord-based concavity
condition then
8: return TRUE
: end if
10: end for
11: return FALSE

mode m S

R e

ed

~

construction in a text-based interaction setting.

E Experimental Details

E.1 Human Evaluation

To ensure a fair comparison between humans and
LLMs, we carefully controlled the information pro-
vided to participants. Human subjects were given
only the following guideline:

You are builder, a construction engineer and
also a worker at a construction site. We are in
the world of Minecraft, but you should assume
that, based on your coordinates and build
order, the structure may be built in real life
via 3D printing.

This instruction is identical to the system prompt
provided to the LLM, except for the skill-related de-
scriptions. Since human participants were already
familiar with Minecraft controls and had sufficient
building materials in their inventories at the start
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Algorithm 5 Room Counting

Algorithm 6 Minimum Inter-Cluster Span Check

Require: Block set B, walking height y (default
y = 1), target room count k
Ensure: TRUE iff at least k& enclosed rooms exist
1: Let O be the set of occupied cells (z, z) on the
x—z plane at height y
if O = () then
return FALSE
end if
Compute the bounding box of O and expand it
by one cell in all directions
6: Initialize a queue with all boundary cells of the
expanded box that are not in O
7: Let A be the set of cells reachable from these
boundary cells
> Outside air detection using the
Flood-fill algorithm
8: while the queue is not empty do
Pop a cell (z, 2)

A S

10: for each of its 8-neighbor cells (z/, 2') do

11: if («/,2') is inside the bounding box
and not in O and not in A then

12: Add (2/,2) to A and push it into
the queue

13: end if

14: end for

15: end while

16: Count connected components of empty cells
that are neither in O nor in A

17: if the number of such enclosed components
> k then

18: return TRUE

19: else

20: return FALSE

21: end if

of each task, explanations of the skill library were
unnecessary for them.

We conducted experiments with two voluntary
participants using MineCEraft-Lite. Both partici-
pants are professional construction engineers with
three years of field experience in the United States,
as well as prior experience playing Minecraft. The
evaluation took an average of 3 hours per partic-
ipant to complete. Unlike LLM evaluation, it is
impossible to reset context (or memory of prior
tasks) for human subjects. To alleviate this issue,
we randomized the task order and used different
random seeds for each participant.

Require: Block set B, height y, minimum
span threshold sp,, neighborhood option
use_8_neighbors

Ensure: TRUE iff every pair of clusters at height
y is at least sy apart

1: Extract all occupied cells on the x—z plane at
height y
2: Compute connected

C1,C5, ..., C, on this plane
using 4-neighborhood by default, or 8-

neighborhood if use_8_neighbors is enabled

if n < 2 then
return FALSE

end if

for each unordered pair of distinct clusters

(CE,CE) do

7: Compute the minimum pairwise Euclidean

distance

components

AN A

d(C;, C;) = mi —
(Ci ]) ;Iellc{th qll2
qECj

8: if d(CZ, Cj) < Smin then

9: return FALSE
10: end if
11: end for

12: return TRUE

E.2 LLM Agent Details

The LLM was initialized with the following sys-
tem prompt, which is adapted from the original
MINDcraft prompt (White* et al., 2025), with mini-
mal modifications to specify construction tasks:

You are builder, a construction engineer and
also a worker at a construction site. We are in
the world of Minecraft, but you should assume
that, based on your coordinates and build
order, the structure may be built in real life
via 3D printing. Use expertise as a highly
skilled civil and construction engineer and
commands in COMMAND DOCS. Be very brief in your
responses, don't apologize constantly, don't
give instructions or make lists unless asked,
and don't refuse requests. Do NOT ask any
questions (e.g., about dimensions, location, or
whether to build). Start building immediately
from your current position. Don't pretend to
act; use commands immediately when requested.
Do NOT say this: 'Sure, I've stopped.', instead
say this: 'Sure, I'll stop. !stop'. Do NOT say
this: 'On my way! Give me a moment.', instead
say this: 'On my way! !goToPlayer("playername”,
3)'. When construction is finished, say "I've
successfully built.” Respond only as builder,
never output '(FROM OTHER BOT)' or pretend to
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Algorithm 7 Flat Exit Path

Algorithm 8 Reachability by Stairs

Require: Block set B, optional start selector m
Ensure: 1 iff a flat path to the outside exists from
every start
if B = () then
return 1
end if
: yf + miny(B)
if yy > —1 then
return 0
end if
: I < walkable cells at level y
: P < start positions (matching m, or centroid
if none)
10: for allp € P do
11: if y(p) # yy + 1 then
12: return 0
13: end if
14: Run BFS on the z—z plane from p
allowing moves only within F'
with sufficient head clearance
15: if no path reaches outside the bounding box
then
16: return 0
17: end if
18: end for
19: return 1

> floor level

WX RN R R

be someone else. If you have nothing to say or
do, respond with an just a tab ' '. This is
extremely important to me, take a deep breath
and have fun :)

Additionally, the LLM was given access to a skill
library, COMMAND DOCS, which specifies executable
actions and their arguments:

*COMMAND DOCS

You can use the following commands to perform

actions and get information about the world.
Use the commands with the syntax:

IcommandName or !commandName("argl”, 1.2, ...)

if the command takes arguments.

Do not use codeblocks. Use double quotes for
strings. Only use one command in each response,
trailing commands and comments will be ignored.
Istats: Get your bot's location, health,
hunger, and time of day.
linventory: Get your bot's inventory.
InearbyBlocks: Get the blocks near the bot.
Icraftable: Get the craftable items with the
bot's inventory.
lentities: Get the nearby players and entities.
Imodes: Get all available modes and their docs
and see which are on/off.

IsavedPlaces: List all saved locations.
lgetCraftingPlan: Provides a comprehensive

Require: Block set B, target level ymin
Ensure: 1 iff an agent can reach height > vy,
1: Initialize BFS from all ground blocks with
head clearance
while queue not empty do
Pop (z,y, 2)
if y > ymin then
return 1
end if
Enqueue valid 4-neighbor moves at level y
ory+1
end while
9: return 0

NNk eR
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Algorithm 9 Bounding-Box Size Check

Require: Block set B,
(Sz,52), optional height
m € {EQUAL, ATMOST}
Ensure: 1 iff the bounding-box size constraint
holds
if B = () then
return 0
end if
Compute bounding-box ranges (d,;, dy, d)
(rg,rz) « (sz — 1,8, — 1)
if m = EQUAL then
return 1 iff {d;,d,} = {ry, 7.} and Gf
given) dy = s, — 1
else
return 1 iff {d,,d.} < {ry,r.} and (if
given) dy < s, — 1
10: end if

planar  size
Sy, mode

A A T ol s

o *x

crafting plan for a specified item. This
includes a breakdown of required ingredients,
the exact quantities needed, and an analysis of
missing ingredients or extra items needed based
on the bot's current inventory.

Params:

targetItem: (string) The item that we are
trying to craft

quantity: (number) The quantity of the item
that we are trying to craft

IsearchWiki: Search the Minecraft Wiki for the
given query.

Params:

query: (string) The query to search for.

'help: Lists all available commands and their
descriptions.

I'newAction: Perform new and unknown custom
behaviors that are not available as a command.
Params:

prompt: (string) A natural language prompt to
guide code generation. Make a detailed
step-by-step plan.
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Algorithm 10 Vertical and Minimum-Size Check

Algorithm 11 Ground Connectivity Check

Require: Block set B, constraint ¢
Ensure: 1 iff the size constraint holds
1: if B = () then
2: return 0
3: end if
4: Compute
(dg,dy,d)
5: if c specifies exact minimum depth then
6 return 1 iff min,(B) = y*
7: else if c specifies minimum depth then
8
9

miny(B), maxy(B), and

return 1 iff min, (B) < y*
. else if c specifies minimum height then
10: return 1 iff max,(B) > y*
11: else if ¢ specifies minimum size then
12: return 1 iff d;,d,,d, > s* — 1
13: end if
14: return 0

Require: Block set B
Ensure: 1 iff every block connects to the ground
1: if B = () then
2 return 1
3: end if
4: G+ {be B:y() <0}
5: if G = () then
6: return 0
7: end if
8: Run BFS from all blocks in G using 6-neighbor
adjacency
9: if all blocks in B are visited then
10: return 1
11: else
12: return 0
13: end if

Istop: Force stop all actions and commands that
are currently executing.

Istfu: Stop all chatting and self prompting,
but continue current action.

Irestart: Restart the agent process.
IclearChat: Clear the chat history.
lgoToPlayer: Go to the given player.

Params:

player_name: (string) The name of the player to
go to.

closeness: (number) How close to get to the
player.

IfollowPlayer: Endlessly follow the given
player.

Params:

player_name: (string) name of the player to
follow.

follow_dist: (number) The distance to follow
from.

lgoToCoordinates: Go to the given x, y, z
location.

Params:

x: (number) The x coordinate.

y: (number) The y coordinate.

z: (number) The z coordinate.

closeness: (number) How close to get to the
location.

IsearchForBlock: Find and go to the nearest
block of a given type in a given range.
Params:

type: (string) The block type to go to.
search_range: (number) The range to search for
the block. Minimum 32.

IsearchForEntity: Find and go to the nearest
entity of a given type in a given range.
Params:

type: (string) The type of entity to go to.
search_range: (number) The range to search for
the entity.

ImoveAway: Move away from the current location
in any direction by a given distance.

Params:

distance: (number) The distance to move away.

Algorithm 12 Path Efficiency

Require: Ordered block
(b1y...,bp)
Ensure: Efficiency score in [0, 1]
1: if n <1 then
2 return 1
3: end if
4 L 320 1bi — biaally
5: L+ n—1
6: if L < 0 then
7
8
9

sequence B =

: return 1
. end if
: return min(1, L*/L)

!rememberHere: Save the current location with a
given name.

Params:

name: (string) The name to remember the
location as.

lgoToRememberedPlace: Go to a saved location.
Params:

name: (string) The name of the location to go
to.

lgivePlayer: Give the specified item to the
given player.

Params:

player_name: (string) The name of the player to
give the item to.

item_name: (string) The name of the item to
give.

num: (number) The number of items to give.
Iconsume: Eat/drink the given item.

Params:

item_name: (string) The name of the item to
consume.

lequip: Equip the given item.

Params:

item_name: (string) The name of the item to
equip.
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Algorithm 13 Material Sequence Order Check

Require: Ordered block sequence
B = (b,...,b,), target sequence
M = (my,...,mg)

Ensure: 1 iff M appears in order in B
1: if M = () then
return 1
end if
if B = () then
return 0
end if
g1
: fori =1tondo
if match(b;. material, m;) then
j—j+1
if j > k then
return 1
13: end if
14: end if
15: end for
16: return 0
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IputInChest: Put the given item in the nearest
chest.

Params:

item_name: (string) The name of the item to put
in the chest.

num: (number) The number of items to put in the
chest.

ItakeFromChest: Take the given items from the
nearest chest.

Params:

item_name: (string) The name of the item to
take.

num: (number) The number of items to take.
lviewChest: View the items/counts of the
nearest chest.

Params:

ldiscard: Discard the given item from the
inventory.

Params:

item_name: (string) The name of the item to
discard.

num: (number) The number of items to discard.
IcollectBlocks: Collect the nearest blocks of a
given type.

Params:

type: (string) The block type to collect.

num: (number) The number of blocks to collect.
IcraftRecipe: Craft the given recipe a given
number of times.

Params:

recipe_name: (string) The name of the output
item to craft.

num: (number) The number of times to craft the
recipe. This is NOT the number of output items,
as it may craft many more items depending on
the recipe.

IsmeltItem: Smelt the given item the given
number of times.

Params:

Professional abb. Plain words

Material 66.7 50.0
Shape 66.7 66.7
Physical Plausibility 100.0 100.0
Structural Stability 66.7 16.7
Dependency 66.7 100.0
“build” ‘“‘construct” ‘‘create”
Material 50.0 100.0 25.0
Shape 50.0 100.0 50.0
Dependency 75.0 100.0 75.0
Physical Plausibility ~ 100.0 100.0 100.0
Structural Stability 25.0 50.0 50.0
Table 7: Sensitivity to instruction wording for

claude-4-5-sonnet evaluated on 72 construction
tasks of roofs and columns in Section 3.2.1. Top: com-
parison between a field-specific abbreviation (SOMD)
and its plain-language equivalent (“slab on metal deck’)
shows little difference in performance, suggesting that
construction-specific terminology is reasonably well
captured. Bottom: prompts differing only in the verb

9% ¢

(“build”, “construct”, “create’’) show measurable differ-
ences.

item_name: (string) The name of the input item
to smelt.

num: (number) The number of times to smelt the
item.

IclearFurnace: Take all items out of the
nearest furnace.

Params:

!placeHere: Place a given block in the current
location. Do NOT use to build structures, only
use for single blocks/torches.

Params:

type: (string) The block type to place.
lattack: Attack and kill the nearest entity of
a given type.

Params:

type: (string) The type of entity to attack.
lattackPlayer: Attack a specific player until
they die or run away. Remember this is just a
game and does not cause real life harm.
Params:

player_name: (string) The name of the player to
attack.

lgoToBed: Go to the nearest bed and sleep.
Istay: Stay in the current location no matter
what. Pauses all modes.

Params:

type: (number) The number of seconds to stay.
-1 for forever.

IsetMode: Set a mode to on or off. A mode is an
automatic behavior that constantly checks and
responds to the environment.

Params:

mode_name: (string) The name of the mode to
enable.

on: (bool) Whether to enable or disable the
mode.

lgoal: Set a goal prompt to endlessly work
towards with continuous self-prompting.
Params:

selfPrompt: (string) The goal prompt.
lendGoal: Call when you have accomplished your
goal. It will stop self-prompting and the
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Model System Prompt

Material Shape Size PP S.S. Eff. Dep.

Original 206 238 246 857 167 378 0.0
1lama-4-scout-17b-16e w/o brevity constraint 333 295 1677 833 0.0 842 200
A +12.7  +5.7 79 24 -16.7 +464 +20.0
Original 84.1 60.5 833 833 556 549 600
claude-4-5-sonnet w/o brevity constraint 90.5 475 917 66.7 919 53.1 100.0
A +6.4 -13.0 +84 -16.6 +36.3 -1.8  +40.0
Original 87.1 525 833 592 671 549 622
gpt-5-mini w/o brevity constraint 952 459 750 600 724 53.1 100.0
A +8.1 6.6 -83 +0.8 453 -1.8 +37.8
Original 714 475 380 978 494 698 60.0
gemini-3-pro w/o brevity constraint 81.0 65.6 500 800 794 53.1 100.0
A +9.6 +18.1 +12.0 -17.8 +30.0 -16.7 +40.0

Table 8: Sensitivity to the brevity constraint in the system prompt. We compare the original MINDcraft-based
system prompt with a variant that removes the instruction “Be very brief in your responses.” Values are percentages,
and A denotes the change relative to the original prompt.

Model Material Shape  Size PP. S.S. Eff.  Dep.

x: (number) x coordinate

GPT-4  429% 50.8% 50.0% 70.0% 0.0% 53.1% 40.0%
GPT-40 857% 559% 61.1% 84.4% 67.8% 62.0% 60.0%

y: (number) y coordinate
z: (number) z coordinate

Table 9: Additional GPT-4 vs. GPT-40 comparison.

current action.

IshowVillagerTrades: Show trades of a specified
villager.

Params:

id: (number) The id number of the villager that
you want to trade with.

ItradeWithVillager: Trade with a specified
villager.

Params:

id: (number) The id number of the villager that
you want to trade with.

index: (number) The index of the trade you want
executed (1-indexed).

count: (number) How many times that trade
should be executed.

IstartConversation: Start a conversation with a
player. Use for bots only.

Params:

player_name: (string) The name of the player to
send the message to.

message: (string) The message to send.
lendConversation: End the conversation with the
given player.

Params:

player_name: (string) The name of the player to
end the conversation with.

!lookAtPlayer: Look at a player or look in the
same direction as the player.

Params:

player_name: (string) Name of the target player
direction: (string) How to look ("at"”: look at
the player, "with”: look in the same direction
as the player)

!1lookAtPosition: Look at specified coordinates.
Params:

!digDown: Digs down a specified distance. Will
stop if it reaches lava, water, or a fall of
>=4 blocks below the bot.

Params:

distance: (number) Distance to dig down

luseOn: Use (right click) the given tool on the
nearest target of the given type.

Params:

tool_name: (string) Name of the tool to use, or
"hand” for no tool.

target: (string) The target as an entity type,
block type, or "nothing” for no target.

For each task, the LLM was provided with a
problem description as a user prompt. After com-
pleting each multi-turn interaction scenario, the
conversation history was reset before proceeding
to the next task to prevent cross-task information
leakage. We used each model provider’s default
sampling parameters (e.g., temperature) for all ex-
periments.

The LLM interacts with the Minecraft world via
Mineflayer (PrismarinelJS), which provides low-
level actions such as placeBlock(from, to).
MINDcraft (White* et al., 2025) enables high-
level planning by allowing the LLM to decom-
pose prompts into sequences of executable low-
level actions. In the MINDcraft builder setup,
every optional behavior is turned off during the
evaluation: self-preservation, unstuck, cowardice,
self-defense, hunting, item collecting, torch plac-
ing, elbow room, and idle staring. However,
placeBlock/breakBlockAt is allowed for the bot
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to place/remove blocks instantly via the setblock
command in Minecraft, rather than through the
pathfinder of Mineflayer, enabling faster con-
struction for large-scale evaluation.

For evaluation, action logs generated during ex-
ecution are parsed into ordered lists of spatial co-
ordinates. These coordinates are then automati-
cally graded according to the logic described in
Section 4.

F Representativeness of MineCEraft-Lite

To assess how well the Lite version represents the
full dataset, we evaluated the four models reported
in the main results on MineCEraft-Lite using three
different random seeds and compared the results
with those from the full dataset. As in Table 10,
although the scores vary slightly depending on the
random seed, the Lite results generally fall within
the range of the full-dataset results, suggesting that
the Lite version provides a reasonable approxima-
tion of the full benchmark. For more experimental
results on MineCEraft-Lite, please refer to Table 11.

G Von Mises Stress Computation

This section summarizes the computation of von
Mises stress used to evaluate the structural stability
of Minecraft structures in this work. Our formula-
tion and material parameters follow the elasticity-
based approach of Beck et al. (2024).2

Deformation and Strain Let X € R denote a
material point in the reference configuration and
x € R3 its deformed position. The deformation
gradient F is given by

8l‘i

Fij= 5%
J

(1

which locally linearizes the deformation. From F,
we compute the Green—Lagrange strain tensor

Ez%(FTF—I>, )

which measures changes in squared lengths and is
symmetric by construction.

2Compared to the original implementation, we cache
reference-configuration quantities, such as edge list, kernel
values, and inverse correction matrices A~", and use NumPy
vectorization (e.g., batched tensor products and scatter-add);
this substantially improves runtime in our evaluation code.

Deformation Gradient Approximation In
Minecraft environment, We use a meshfree
Smoothed Particle Hydrodynamics (SPH) formu-
lation, in which the structure is discretized into
particles without an explicit mesh and deformation
is approximated using kernel-weighted neighbor
interactions.

Specifically, we first compute the approximate
deformation gradient estimate

F; = Z(Xj —X;) ® VW(XJ' -X;), 3
J

and apply a first-order consistency correction
F,=F/A Y

A=Y (X -X) o VW(X; - X;). @
J

where A; is the reference moment (correction)
matrix for first-order consistency.

Stress Measures Assuming a linear elastic con-
stitutive model, the second Piola—Kirchhoff stress
tensor S is computed as

S = A tr(E)I + 24E, 5)

where A and p are the Lamé parameters. The first
Piola—Kirchhoff stress P is obtained as

P = FS. (©6)

Finally, the Cauchy stress tensor o is given by

1
= _PF'
J b

o =

J = det(F). )

(qubreH) A

Figure 6: Example of von Mises stress distribution
in a bridge-like structure. The peak stress appears
near the folded (bending) region of the arch rather than
around the ground supports where the dead load is con-
centrated, to evaluate the stress associated with defor-
mation and structural failure.
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Models

Category  Subcategory Human
1lama-4 claude-4-5 gpt-5-mini gemini-3
-scout-17b-16e  -sonnet -pro
Material 206% 577 841% 557 87.1% 57T 714% 570 97.8%40
Accuracy  Shape 23.8% 370 60.5% 50 525% 7Y 475% 5700 99.2%40s
Size 24.6% 55 833% 55D 833950 380% kY 91.7%400
Safety Physical Plausibility ~ 85.7% 52  833%7500 5029553 97.8% 520 983%.4 1
Structural Stability — 16.7%52”)  55.6% o 67.1% 50y 494% 65T 93.9%.464
. Efficiency 37.8% 1 54.9%5P8? 549% 50 69.8% ) 95.6%400
Planning b {~7.4) (~96.3) (~65.6) (~78.2)
ependency 0.0% 4o 60.0% ¢ o 62.2% 50 60.0% 50 90.0%+10.0

Table 10: Performance on MineCEraft-Lite compared with the full benchmark.. Reported values are means
on Lite; subscripts (1) indicate half of the min—-max range across three random seeds (or, for humans, across
different participants). Superscripts (%) denote the corresponding mean on the full benchmark dataset. Although the
full benchmark provides more stable estimates due to its larger task set, the values mostly remain within the Lite

min—max range.

Model Accuracy Safety Planning
Material Shape Size Physical Structural Efficiency Dependency
Plausibility Stability
Qwen3—3ZB 34.9%i24 45.2%i4A1 41.7%i167 70.0%i3A3 18.3%i13A4 54.2%i1A4 20.0%:}:2(}0
llama-4-scout-17b-16e-Instruct 20.6%+7.o 23.8%+7.1 24.6%+12.0 85.7%+3.2 16.7%+25.0 37.8%+17.8 0.0%+0.0
l1lama-3.3-70b-Instruct 66.7%+72 542%+59 T7.8%+12.5 85.6%+50 63.5%4+23.4 54.1%+1.3 60.0%+0.0
claude-haiku-4-5-20251001 79-4%j:4.8 59.6%i10,7 75.0%;‘:&3 85.6%i5,0 65-7%:t6.6 54.2%i1,4 60.0%:&0,0
claude—opus—4—5—2®251 101 95.2%i0A0 64.0%i5A0 88.9%142 80.0%i10A0 67.6%i17A4 54.2%i1A4 73.3%i1()‘0
claude-sonnet-4-5-20250929 84.1% 124 60.5%4+36 83.3%+16.7 83.3%+0.0 55.6%+17.4 54.9% 112 60.0%-+0.0
claude-sonnet-4-6 90-5%j:4.8 62.3%i4,1 77.8%i12_5 66.7%i5,0 66.6%;‘:1@17 54.2%;“,4 86.7%:“0,0
gpt—5—mini 87.1%i7,1 52.5%i4,1 83.3%;‘:&4 59.2%i13,4 67.1%;{:22,3 54.9%:&1,2 62.2%:&20,0
gpt-5-nano T1.4%111.0 442% 175 41.7%4+8.4 57.5%+r37.0 17.7%1+11.3 47.5%+11.5 53.3%120.0
gpt—4o 85.7%i0_0 55~9%i7.4 61~1%i2048 84.4%i1,7 67.8%i27_5 62.0%i13_1 60.0%i0,0
03 92.0%+4.8 54.8%+7.4 T1.8%+4.2 73.3%+3.4 55.4%+18.9 54.2%+1.4 60.0%+0.0
gemini-2.5-flash 76.2%+19.1 39.8%+4.1 36.1%+4.2 77.8%+5.0 39.5%+25.8 49.1%+6.5 46.7%+20.0
gemini-2.5-pro 79.4%+14.3 48.5% 4.4 T7.8%+8.3 61.1%423.4 52.7%+16.5 54.2%+1.4 40.0%+20.0

gemini-3-flash-preview
gemini-3-pro-preview

69.8%+21.5 48.8%+19.7 80.6%+12.5 64.4%+38.3 T71.8%+2.5 54.2%+1.4 80.0%+0.0
71.4%+4.8 47.5%+4.0 38.0%+19.5 97.8%+3.4 49.4%+17.9 69.8%+12.9 60.0%+20.0

Table 11: Performance on MineCEraft-Lite across evaluation categories for multiple LLMs.

Von Mises Stress To obtain a scalar measure of
stress magnitude, we compute the deviatoric stress

H Qualitative Analysis

In this section, we present qualitative examples of
the tasks considered in this paper. Figure 7 shows

1
S=0 — gtT(U ), (8) representative cases from the MineCEraft bench-
mark, highlighting behavioral differences between
and define the von Mises stress as human participants and LLM-based agents.
3
o= 2l ©

The von Mises stress is used throughout the pa-
per as a quantitative indicator of structural safety
and stress-based stability assessment, serving as
an effective measure of potential failure risk; an
illustrative example is shown in Figure 6.
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(a) ChatGPT 5.4 Thinking (Image) (b) Claude Sonnet 4.6 Extended (c) Gemini 3 Thinking (Image)

(Image)
# # [ Roadway ]
# # B
# # B -~ i
#t ## B it
# # B i
Hffpmmmmmm e it
#ffpmmmmmmmmm e mm e e
$ffpmmmmmm e mmmmm e e
e i /" Roadway \
----------- e .. s e
i i i it o~
i H## STONE STRUCTURE
#iF it OPEN ARCH
T \
# 1 I | <-- Roadway
1 A R |
: } <-- The Arch
i i | i < abutnents
|
|
(d) ChatGPT 5.4 Thinking (e) Claude Sonnet 4.6 Extended (f) Gemini 3 Thinking

Figure 5: Qualitative examples of building arch bridges in 2D. While LLMs can generate arch bridges when
prompted with “Draw an arch bridge as an image.”, they often produce irregular or structurally incorrect shapes
when asked in a text-based format, such as “Let’s build an arch bridge viewed from the side using stones (#) and
empty spaces (-).”. By comparison, Gemini 3 can generate a relatively arch-like structure even in the text-based
setting.
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[ Frame ]

Objective:
Build a wheelchair-accessible house for one elderly person: single level, 1 room, 1 bed for the elderly

resident, no stairs, and doorways at least 2 blocks wide.
\_ J

Claude 4.5 Sonnet | Gemini 3 Pro Human

Built frame is simple and

Built frame is simple and symmetrical cuboid

symmetrical cuboid

Built frame follows archetypal
house shape

Objective:
Step by step build a 4 room house

|Gemini 3 Pro Human

Claude 4.5 Sonneti

Varied room arrangements with
natural flow (i.e. fewer but better

Symmetrical and regular internal Symmetrical and regular internal placed doors); function over
structure, at the cost of longer structure, at the cost of longer symmetry; additional internal
traversals, more doorways traversals, more doorways support columns
Objective:
Build a three-room house. —> The client changed their mind. Revise it to a four-room house
Claude 4.5 Sonneli Gemini 3 Pro I i Human I

| -

3 rooms in a row adjusted to be
4 rooms in a row

3 rooms in a row adjusted to be
4 rooms in a row

Natural construction flow leading
to asymmetrical structures, e.g.
L-shape layout or basement

(a) Frame

Figure 7: Qualitative Analysis of LLM vs Human Behavior
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[ Intent ]

N

Objective:
Create a five-bed house

1
|Claude 4.5 SonnetJ

Literal fulfillment of objective, not
context based

| Gemini 3 Pro I

Literal fulfillment of objective, not
context based

i Human |

Follows convention of "bed"
referring to "bedroom"”

(b) Intent

[ Creativity ]

A

Objective:

Create a building that has no axis of symmetry in a two-dimensional plane.

vy

S

1
|Claude 4.5 SonnetJ

Creates asymmetry from
symmetrical components

| Gemini 3 Pro I

Creates asymmetry from
symmetrical components

i Human |

Entirely asymmetrical structure

(c) Accessibility

Figure 7: Qualitative Analysis of LLM vs Human Behavior (cont.)
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[ Functionality ]

Objective:
Construct the frame of a nine-story building using concrete so that the second through ninth floors are

accessible. Each upper floor should be 4 blocks above the one below it
- S

[ 1 ( ) [ ]
Claude 4.5 Sonnet | Gemini 3 Pro l Human

Unclimbable stairs (fails to

understand and incorporate - -
- . fulfillment of requirements (spiral

. . intended function) .

No stairs and incomplete frame staircase)

Functional and creative

(d) Functionality

| Accessibility |

Objective:
Build a wheelchair-accessible house for one elderly person: single level, 1 room, 1 bed for the elderly
resident, no stairs, and doorways at least 2 blocks wide.

AN "y

) — . ) [:::::::::]
—[Claude 4.5 Sonnetl | Gemini 3 Pro I Human

Inaccessible due to large front
step Avoided elevation changes, but Follows constraints in more
no door built typical manner
(e) Accessibility

Figure 7: Qualitative Analysis of LLM vs Human Behavior (cont.)
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[ Resource Optimization ]

Objective:

With only 56 oak wood planks, construct the largest single-room cabin possible.

Claude 4.5 Sonnet

Symmetrical form following
constraints but not objective

Gemini 3 Pro

Symmetrical form optimizing
constraints

Human

Unconventional approach that
fails to meet constraints

(f) Accessibility

[ Dome

Obijective:

~

Create an igloo with a base of 9 blocks in diameter. The top must curve upward like a hemisphere and reach

at least 5 blocks high.

vy

1
Claude 4.5 SonnetJ

Simply builds a dome--same
material, no accessible internal
area

| Gemini 3 Pro I

Simply builds a dome--same
material, no accessible internal
area

i Human |

Differs from dome in material,
accessible empty center

(g) Functionality

Figure 7: Qualitative Analysis of LLM vs Human Behavior (cont.)
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