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ABSTRACT

Perception enables humans and animals to interact with the world. Combined
with our knowledge of physical laws, we rely on perception to complete many
tasks such as tracking a ball or driving a car. While we learn these physical
laws through perception, proprioception, and physical interaction, Vision Lan-
guage Models (VLMs) have seemingly learned the same physical laws strictly
through natural language. In this paper, we leverage existing puzzles designed
to test physical problem solving in humans to instead evaluate VLMs. Unlike
prior work evaluating only artificial agents, we leverage games designed for and
tested on humans. We design a new reinforcement learning environment over the
original game that allows VLMs to play the game in multiple rounds. With a di-
rect comparison between humans and VLMs on the same 28 levels with the same
number of attempts, we show that humans average a 61% pass rate within 4 at-
tempts, while the best-performing VLM without access to code representing the
game state solves only 9/28 levels. Only Gemini 3 Pro with a textual JSON rep-
resentation of the game state exceeds human-level performance (23/28), revealing
that physical reasoning is unlocked through text, not vision. Our results suggest
that while VLMs can describe Newton’s Laws of Motion in detail, they cannot ap-
ply these principles to solve challenging physical problems that humans can often
solve in just a few attempts.

1 INTRODUCTION

Vision-Language Models (VLMs) now achieve expert-level performance on a range of scientific
question-answering benchmarks, including biology, chemistry, and physics (noa; Rein et al., [2023).
Their strong performance on topics such as classical mechanics suggests these models possess so-
phisticated physical reasoning capabilities learned during training. However, when asked to ap-
ply this knowledge to physical tasks—such as placing tools to redirect falling objects or construct
makeshift levers—VLMs fail catastrophically, even when humans can solve them in a handful of at-
tempts. This reveals a fundamental limitation: although VLMs possess substantial knowledge about
the physical world, this knowledge does not reliably translate to solving physical tasks when those
tasks are encoded visually.

Instead of introducing a new benchmark, we build an interface that enables VLMs to interact with
a well-established, theoretically grounded game designed by cognitive scientists to probe human
physical reasoning—The Virtual Tools Game (Allen et al.| [2020). By observing VLMs playing
this game, we identify three key findings. First, by providing the full game state in text form,
Gemini 3 Pro nearly triples its performance, showing that mechanical and physical reasoning is
more effectively unlocked when problem solving in text rather than image space. Second, VLMs
constantly place tools in positions that are unfaithful to their stated plans. Third, without a textual
representation of game state, VLMs cannot learn from their past failed attempts, repeating their same
failed strategy even when shown trajectory visualizations of their failures. These findings agree with
prior work and support the conclusion that VLMs do not reason in visual space but only in text.

2 BACKGROUND AND RELATED WORK

Human adults have a remarkable ability to rapidly understand, simulate, and act in the real world,
often within fractions of a second. At the limits of human performance, Formula 1 drivers navigate
turns at speeds exceeding 230 mph while avoiding contact with other drivers. Tom Brady, the
winningest NFL quarterback in history, averaged only 2.5 seconds in his final season to observe all
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Table 1: Experimental settings for VLM gameplay.

Setting Description

Zero-Shot Image only. Screenshot + minimal task prompt; no examples or state.

Zero-Shot + JSON  Image + state JSON. Same prompt with full level JSON (objects, physics, goal).
Few-Shot Image + examples. Zero-shot prompt + 3 curated (image, placement, reasoning) e.g.
Few-Shot + JSON  Image + examples + JSON. Few-shot prompt + JSON for level & all examples
GEPA Same as zero-shot but system prompt is optimized by GEPA on train levels.

21 other players on the field, select a receiver, and deliver a precise pass while avoiding tackles.
While much of a professional athlete’s ability is shaped by training, there are certain principles and
laws that they know apply even at home, away from their competition. In general, for all humans,
what do we learn and when do we learn it?

Developmental studies indicate that physical world knowledge emerges before language. In fact,
many principles of the physical world have been detected in infants “as early as we can measure it”
(Hespos & vanMarlel 2012). By two months of age, infants demonstrate knowledge of containment
(i.e., objects can be placed inside other objects) and non-interpenetration (i.e., two objects cannot
occupy the same physical space) (Hespos & Baillargeon, 2001). At three months, they demonstrate
3D spatial awareness (Kestenbaum et al.| [1987)), knowledge of gravity (Baillargeon) (i.e., unsup-
ported objects must fall), and object permanence (Baillargeon)) (i.e., an object is still present even if
occluded from view).

Given that VLMs have a rich knowledge over language, existing work has studied whether VLMs
also possess physical world knowledge, something humans have already learned by the time they
learn language. |[Kang et al.|(2025) develop a simple 2D simulation environment that supports col-
lisions and Newtonian kinematics. Their results show that current video generation models “mimic
their closest training examples” instead of learning general physical rules like Newton’s Laws of
Motion. |Le et al.|(2025) establish similar findings, and [Zhao et al.[(2025) find similar limitations
in agents trained through reinforcement learning algorithms like PPO (Schulman et al.|[2017), A3C
(Mnih et al.,2016), SAC (Haarnoja et al.,[2018)), and DDPG (Lillicrap et al.,[2019). In more complex
environments like games, VLMs “struggle to translate descriptive physical knowledge into precise,
predictive control” (Xu et al., |2025} Xue et al.l 2021} Taesiri et al.| [2025)), and in embodied applica-
tions (Li et al.). These results extend beyond physical understanding in VLMs to generative models
that produce videos with stunning visual realism but lack correct knowledge of physical dynamics
(Zhang et al.| [2025; Motamed et al.,|2025; Zhao et al.,[2025; Bansal et al., [2024).

3 PLAYING THE VIRTUAL TOOLS GAME

The Virtual Tools Game (Allen et al.l [2020) was designed to evaluate mechanical reasoning—
“the ability to spontaneously repurpose objects in our environment to accomplish a novel goal.” The
game is based on principles in Newtonian kinematics like elasticity, friction, and gravity. There are
18 levels with corresponding results from 50 human participants allowing for “precise, quantifiable
comparisons between humans and machine agents.” There are an additional 10 validation levels.
In each level of the game, the objective is to move a red object into a green goal area and keep it
there for 2 seconds. To achieve this, a number of high-level concepts must be used. We group the
28 available levels into five concepts: levers (5), drops (4), blocking (5), bridging (9), and chaining
(5). These concepts are immediately obvious as they must be applied by selecting one of three tools
in each level. Using the tools directly is not always possible, instead requiring using concepts like
gravity in the physical world. However, such tool use is not unique to artificial environments like
games. Tool use informed by physical understanding has been observed in American crows that
time the use of cars as nutcrackers (Grobecker & Pietschl [1978)) and in chimpanzees that exhibit
aimed throwing behavior (Goodall, |{1964). More broadly, mechanical reasoning—both in this game
and in the real world—requires long-horizon causal reasoning. Reflecting the difficulty of the task,
even human participants could not solve all levels, with some levels exhibiting success rates below
40% despite more than 20 attempts.

Agent Gameplay We build a new interface over the original game to allow for a simple interaction
for VLMs without compromising game functionality. Similar to an RL environment, we define an
init, reset, and step interface. The step interface allows for a single action that includes a choice of
tool and Cartesian coordinates (x, y) of where the center of the tool should be placed. The simulation
stops and a binary reward is returned once there is no movement in the environment.
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Figure 1: The Elevator Level. When the game
starts, the red block will fall as it is unsup-
ported. The winning strategy is to block it from
falling past the green goal zone by placing a
large enough horizontal rectangular tool. This
example image along with the winning strategy,
tool, and coordinates is provided as one of three
example solutions during few-shot experiments.
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Figure 2: The Catapult Level. GPT-5 was asked
to play this level with 4 attempts. In all attempts,
it committed to the strategy, “drives it (the ball)
along the platform and off the end into the green
bin”. Despite knowledge of gravity, GPT-5 ig-
nores the possibility of gravity pulling the ball
down before it could reach the goal area. New
strategies are never explored.
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A running example of a game level, Elevator, is provided in Figure[I] In this level, a red block is
suspended in air and three tools are shown on the right side. All three tools are horizontal rectangles
of various sizes. Upon selection of a tool, a VLM can then choose where to place it. They can place
it anywhere except in black areas (these are immovable). The key insight in this level is to recognize
that gravity will cause the unsupported block to fall. To have the block remain in the green area for
two seconds, we merely have to select the largest rectangular object and place it such that it blocks
the bottom of the green area so that the red block cannot fall all the way through.

We design five experiments for our VLMs as shown in Table[I] Animage of the starting environment
and tool palette, an explanation of the task, and reminders of physical laws such as gravity are given
to the VLM (see Appendix [A.] for the prompt). Due to context limits, the VLM is allowed four
attempts per level. On success, it advances to the next level. On failure, a trajectory visualization is
appended to the prompt and the VLM is asked to analyze the failure before retrying, enabling it to
learn from previous mistakes. An example trajectory image is in Appendix Figure ] When a round
ends, we return to the original prompt without any trajectories. The first four experiments are: zero-
shot; zero-shot with the full game state represented as JSON; few-shot (with 3 solved examples, one
of which is our running example, the Elevator level); and few-shot with JSON. An example of JSON
game state including parameterized physics settings for properties such as elasticity and gravity is
in Appendix Figure[0] The VLM may choose to use Chain-of-Thought (CoT) (Wei et al.| [2023) in
its decision making, but the end of the response must contain a JSON containing four fields: the
selected object, the x coordinate, the y coordinate, and a brief sentence explaining why it made its
selection. An example response with CoT is in Appendix [A.4]

In the last experiment, we use Genetic-Pareto (GEPA), a prompt optimizer that uses VLMs to reflect
on both successful and failed trajectories to propose system prompt updates (Agrawal et al., [2025)).
In GEPA, natural language reflection is used to generate high-level rules, or in our case, physical
laws and principles that govern these trajectories, which are then incorporated back into the system
prompt. If the new prompts improve performance, they are added to a candidate pool and are used
to advance the Pareto frontier of the VLMSs’ attempts. To further aid the VLM’s reflection process,
we include a rule-based method to generate additional feedback from an attempt. For example, our
feedback method may look for attempts where the VLM placed the object in an invalid position and
provide this as explicit feedback to the reflective model, which will then synthesize new rules to
include in a new candidate system prompt. We use the same model, GPT-5, as both the VLM that
plays the game and the one that does the reflection with the zero-shot prompt as the initial prompt.
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Table 2: VLM gameplay performance across experimental settings compared to human baseline.
We list the number of levels solved with a maximum of 4 attempts per level. In GEPA, we list scores
both before and after prompt optimization with GPT-5 as both the task and reflection model.

GPT-5 Qwen3-VL-4B-Inst Gemini 3 Pro  Claude 4.5 Sonnet

Humans Avg. pass rate: 61% across 28 levels (range: 4-98%; see Appendix
Zero-Shot 5/28 1/28 8/28 4/28
Zero-Shot + JISON 8/28 1/28 22/28 1/28
Few-Shot 4/28 1/28 9/28 3/28
Few-Shot + JSON 6/28 0/28 23/28 3/28
GEPA (GPT-5) 5/28 — 5/28 — — —

4 RESULTS

We summarize the results of the five experiments using four VLMs in Table [2] Claude 4.5 Sonnet,
Qwen3 VL 4B, and GPT-5 all cannot solve more than 30% of levels. Human participants solving the
same levels under the same 4-attempt limit average a 61% pass rate (range: 4-98%; Appendix [A.6);
without JSON state, even the best VLM (Gemini 3 Pro, 9/28) falls far below human performance,
and only with a textual representation does Gemini (23/28) exceed human-majority levels. Notably,
we observe that few-shot examples with solutions do not lift the performance of any of the four
models, which is in stark contrast to text-only domains where few-shot learning has led to much
success (Brown et al., 2020; Parnami & Leel [2022). However, providing the full game state does
positively affect one model, Gemini 3 Pro. Gemini’s performance is nearly tripled when the JSSON
representation of the game state is provided, but for the other three models, providing the state does
not meaningfully affect their performance. Finally, in the GEPA experiment, we see that the new
synthesized prompt does not offer additional gains over the initial zero-shot prompt.

Existing work shows that LLMs can accurately answer questions about the physical
world (Hendrycks et al.,[2021; |Wang et al.| 2024)). However, our experiments show that these mod-
els cannot effectively use this knowledge. We perform a qualitative analysis over the responses to
understand this failure. Here, we find that the VLMs produce reasonable strategies but cannot put
them to use. A representative example is in Appendix [A.4] In this example, Gemini 3 Pro gener-
ates a reasoning trace with the correct strategy, but the desired tool rotation/placement are incorrect
and unfaithful to its plan. Similar results were observed for all VLMs and experiments. Semantic
analysis grouped by failure categories is provided in Appendix [A.5]

We create heatmaps of VLM gameplay to visualize their strategies and determine if they learn from
failures. Heatmaps for all levels are in Appendix Figures[I0] & [TI] We see that VLMs struggle to
learn from their failed attempts without the game state. For example, in the Shafts B level, both
zero-shot and few-shot attempts are often made in illegal areas, and the VLMs never attempt a new
high-level plan. However, when the game state is provided, if they choose an illegal action, they learn
from it and shift to the correct strategy of trying to drop an object down one of the two shafts. One
explanation for why a VLM cannot learn without a text game representation is that VLMs struggle
to reason in vision space. Prior work has found that despite image tokens comprising more than
90% of input tokens, a similar percentage of attention activations occur in the language layers and
not vision layers (Chen et al., [2025)). [EImaaroufi et al.| (2025) found that VLMs cannot learn spatial
reasoning when their language layers were frozen despite the rest of the model being unfrozen.

We hope that identifying these limitations—both in learning from visual attempts and in generating
actions faithful to plans—will motivate further research in visual reasoning.

5 CONCLUSION

In this work, we repurpose a cognitive science game designed to evaluate mechanical reasoning, to
perform the same test on VLMs. By leveraging this game, we benefit from a theoretically principled
probe of visual reasoning abilities already measured and verified in humans. Under the same 4-
attempt limit, humans average 61% across all levels while most VLMs solve under 30% from vision
alone, confirming a large human-VLM gap. While VLMs can speak convincingly of the physical
world and can even formulate nearly perfect plans, they cannot implement their knowledge in the
physical world. Their actions are often unfaithful to the reasoning traces which do contain the
correct strategies. Lastly, we find that VLMs cannot learn from their past mistakes without a textual
representation of game state, implying that reasoning only happens in text space.
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6 ETHICS

This paper presents work whose goal is to advance the field of Al models that can understand
and interact in the real world. There are many potential societal consequences of such Al agents,
however, this work is a small step towards understanding current limitations towards that goal. At
this time, there are no consequences of which we feel must be specifically highlighted here.

7 REPRODUCIBILITY

The Virtual Tools Game (Allen et al.| [2020) is publicly available for all to play. The prompts we use
are provided in the appendix. Lastly, after the review period, we will release our code to simplify
reproducibility.
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A APPENDIX

A.1 GAME INSTRUCTIONS

The following block contains the game-play instructions we provide to all VLMs. In particular, we
explicitly mention the presence of physical principles such as gravity, friction, and elasticity. If the
VLM succeeds, the game is over. However, if it fails, we provide a screenshot of what happened.
An example screenshot is shown in Figure [

A.2 TRAJECTORIES

Whenever there are unsuccessful attempts, we record them and present them as an image. All objects
that did move are first presented as opaque versions of themselves, followed by an opaque line with
the final resting position presented as the object fully colored in. An example of GPT-5’s second
attempt at the Spiky level is shown in Figure 4]

A.3 VISUALIZING ATTEMPTS

We design heatmaps to help us better visualize the attempts of VLMs. Two examples are provided
in Figure [5] and Figure [6] The full examples are provided in Figure [I0] and Figure [IT] where each
heatmap represents a game level showcasing where each VLM selected which specific object at
what specific position.
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You are playing a physics puzzle game. Your goal is to get the
red ball into the green goal container.

The rules of the game:

- Get any red object into any green area to win the level

— Solve the level with a single action (any tool, any position)
- Solve the level in as few attempts as possible

WORLD SIZE: {world_width}x{world_height} pixels
COORDINATE SYSTEM: Origin at bottom-left, Y increases upward

The available tools will be shown in the screenshot on the right.
There are always 3 tools available.
Listed from top to bottom, they are: {tool_names}

Recall that this is a realistic physics simulation, so:

- Gravity pulls objects downward

— Objects have friction and elasticity

- Placed tools are physical objects that interact with other
objects

— The ball will roll, slide, and bounce

CONSTRAINTS:
- Tool cannot overlap existing objects
- Ball must stay in goal for 2 seconds to win
- You have {max_attempts} total attempts (this is attempt
{attempt_num})
{previous_attempts}{result_screenshot_info}
{level_json_section}
Respond with ONLY a JSON object in this exact format (no
markdown, no extra text):
{{

reasoning: Brief explanation of strategy,

tool: objl,

x: 250.5,

y: 300.0
+}

Choose coordinates carefully based on the images. Remember Y
increases upward from bottom-left origin.

Figure 3: Gameplay instructions used in all prompts.

A.4 FAILURE TO CONVERT A PLAN INTO ACTION

In this setting (shown in Figure[7), Gemini 3 Pro has access to few-shot examples and the full game
state in JSON. On its third attempt, Gemini correctly identifies the second object (highlighted in
yellow) as the object to use. Based on its past failures, it also identifies the correct plan, “Its shape
(an asymmetric ”"T” or hook) creates a natural pivot point on its longer left leg, allowing it to swing
clockwise like a hammer”. It also correctly identifies that drop height matters, This is high enough
to generate speed but low enough to maintain a stable pivot upon landing on the table.” The full
reasoning trace is shown below. Despite the nearly perfect plan, the execution is poor. Firstly, the
necessary rotation is incorrect. As correctly noted, the hook must be dropped from a height that is
neither too high nor too low, but the right edge of the hook must hit the floating obstacle so that a
counter-clockwise rotation is imparted which would cause the left side of the hook to strike the ball
and send it to the right.

A.5 SEMANTIC ANALYSIS

We categorize each level into five semantic concepts: levers, drops, bridging, chaining, and blocking.
We observe that failure rates vary substantially by the semantic concept of the level. Levers show
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Figure 4: The Spiky Level. In this attempt, the top object was selected and dropped at a height
similar to the red ball. When the game commenced, the ball and object fell resulting in the object
hitting the teetering block which then toppled over and fell with the ball outside of the goal area.
The paths of the objects are shown through their colored lines, their initial positions in opaque color,
and their final positions in solid color.

Table 3: Mapping of game levels to the five semantic concepts.

Concept  Levels

levers Catapult, Launch_A, Launch_B, Launch_v2, SeeSaw

drops Falling_A, Falling_B, Falling_v2, Trap

blocking Prevention_A, Prevention_B, Remove, Shove, Spiky

bridging Basic, Basic_v2, Balance, Bridge, Collapse, Gap, Table_A, Table_B, Table_v2
chaining  Chaining, Shafts_A, Shafts_B, Unbox, Unsupport

the highest failure rate (83.8%), followed by drops (catch/guide) at 80.0%; chaining is the easiest
(73.0%), with blocking (including hazard-avoidance levels such as Spiky) at 74.7% and bridging
at 73.3%. Across methods, the Few-Shot + JSON method achieves the lowest overall failure rate
(61.9%), while Zero-Shot and Few Shot perform worst (around 84%); Few-Shot + JSON method
yields the largest gains on drops, bridging, and chaining. Across models, Gemini 3 Pro has the
lowest overall failure rate (44.1%), Qwen3-VL the highest (96.4%), and Claude 90.2% (over 112
runs).

A.6 PER-LEVEL COMPARISON: HUMANS VS. VLMS (ALL CONDITIONS)

Tables present per-level breakdowns comparing human success rates (limited to 4 attempts,
matching the VLM setting) against VLM pass/fail outcomes under all four prompting conditions.
Human percentages reflect the fraction of participants who solved each level within their first 4
placements. Human rates are identical across conditions since humans do not receive different
prompting treatments.



I Can’t Believe It’s Not Better Workshop @ ICLR 2026

Placement Heatmap: Elevator
Zero-shot JSON
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Figure 5: The Elevator Level. Without a JSON representation of game state, VLMs are more likely
to repeatedly select the same kind of object and not explore different objects despite being presented
with their past failure.
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Placement Heatmap: Shafts_B
Zero-shot - JSON
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Figure 6: The Shafts B Level. Without a JSON representation of game state, VLMs are more likely
to repeatedly select illegal positions (the black area).

400
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»
/

Figure 7: The Launch B Level. Gemini 3 Pro fails to solve this level in the full 4 attempts in all 4
experiments.
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Table 4: Failure rate by level concept (5 concepts, 4 models).

Concept  Fail% Fail / Total Attempts N levels

levers 83.8 62/74 5
drops 80.0 48/60 4
blocking  74.7 56/75 5
bridging  73.3 99/135 9
chaining  73.0 54/74 5

Based on the analysis of previous attempts and the available tools,
the strategy is to use **obj2x* (the L-shaped/hook tool) as a
swinging hammer.

*xReasoning: x*

1. *xTool Choicexx: The stick (obj3) used in previous attempts
successfully hit the ball but failed to impart enough velocity to
clear the gap into the goal. “obj2° has a larger surface area
(approx 1160 vs 800) and thus likely more mass, which should
result in a more powerful impact. Its shape (an asymmetric T or
hook) creates a natural pivot point on its longer left leg,
allowing it to swing clockwise like a hammer.

2. *xPlacement (X)#**: We want the hammer head (the top-right part of
obj2) to swing down and hit the ball. The pivot point will be the
bottom of the left leg. To maximize reach while avoiding the
Blocker (left edge at x=135), we place the tool as far right as
possible. “0bj2° has a half-width of 37. Placing it at **x=96x*x
puts the right edge at 133, leaving a small safety margin (2px)
from the Blocker. This placement sets the pivot at $96 - 37 =
59$. The swing radius to the tip is $\approx 84$. Max reach is
$59 + 84 = 143$, which overlaps the ball (left edge 135) by
roughly 8 pixels, ensuring a solid hit.

3. **Placement (Y)*x: A drop 1s needed to generate rotational
velocity. Dropping from **xy=320xx provides a fall of roughly
90-120 pixels (depending on part). This is high enough to
generate speed but low enough to maintain a stable pivot upon
landing on the table.

The tool will fall, its left leg will hit the table, and the center
of mass (to the right of the leg) will cause it to rotate
clockwise, swinging the heavy top section into the back-left of
the ball, propelling it forward off the table and into the goal.

reasoning: Use obj2 as a heavier hammer. Placed at x=96, the left
leg acts as a pivot, swinging the top bar into the ball. The mass
is greater than the stick, providing more impulse to clear the
pit.,

tool: obj2,

x: 96.0,

y: 320.0

}

Figure 8: Output of Gemini 3 Pro after several attempts on the Launch B Level (Figure .
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world: {
dims: [600, 6007,
bts: 0.01,

gravity: 200,

defaults: {density: 1, friction: 0.5, elasticity: 0.5, color:
black, bk_color: white},

objects: {

_LeftWall: {type: Poly, color: black, density: 0, vertices:

[[_11_11 14 [_l/ 601] 14 [lr 601} 14 [11_11 ] }r

_BottomWall: {type: Poly, color: black, density: 0, vertices:

[[_11_11 14 [_1/ 11 14 [6011 l]l [6011_11 ] }r

_RightWall: {type: Poly, color: black, density: 0, vertices:

[[599,-1],1[599,601],([601,601],[601,-1]11},

_TopWall: {type: Poly, color: black, density: 0, vertices:
[[-1,599],([-1,601],[601,601],([601,599]11},

Slope: {type: Poly, color: black, density: 0, vertices:
(10,01, 10,2501, (200,12071, (200,011},

SeeSaw: {type: Poly, color: blue, density: 1, vertices:
[[220,90],([220,110], [420,110], [420,9011},

Goal: {type: Container, color: black, density: O,
points: [[440,80],[440,2]1,[540,2]1,[540,80]], width: 10,
innerColor: green, outerColor: black},

Ball: {type: Ball, color: red, density: 1, position:

[30,270], radius: 20}
}s

blocks: {1},
constraints: {},

gcond: {type: SpecificInGoal, goal: Goal, obj: Ball, duration:
br
tools: {

objl: [[[[-10,-40],[-10,40],(10,40],[10,-401111,

obj2: [[[[-10,-30],([-10,30],[10,30],([10,-301111,

obj3: [[[[-40,-20],[-40,20],[40,20],[40,-20111]

s
toolNames: [objl, obj2, obj3],
sucText: Get the red ball into the goal

Figure 9: JSON representing the full initial game state of the SeeSaw level.
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(a) Balance

(f) Chaining

(m) Launch_B

N1 ¥

(n) Launch_v2

Figure 10: Placement figures for all game levels (page 1 of 2). Each panel shows the initial level
with overlaid placement attempts by model (shape) and tool (color).
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(m) Unsupport
Figure 11: Placement figures (page 2 of 2). Continued from Figure[10}
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Table 5: Per-level comparison for the Zero-Shot condition. Human% shows the percentage of
participants who solved the level within 4 attempts. VLM columns show v* (pass) or x (fail).
Human pass rates are based on N=94 participants for the 18 original levels and N=50 for the
10 validation levels. Among the original levels, 6 form matched A/B pairs (e.g., Falling_A vs.
Falling_B); each participant played all 12 unmatched levels plus one randomly assigned variant
from each pair, yielding N=46-48 per matched-pair variant.

Level Human% (4 att.) GPT-5 Qwen3-VL Gemini 3 Pro Claude 4.5 Son.
Original Levels
Basic 91.5% v X v X
Bridge 69.1% X X X X
Catapult 69.1% X X X X
Chaining 62.8% X X X X
Falling_A 47.8% X X X X
Falling_B 31.2% X X v X
Gap 85.1% X X v v
Launch_A 93.5% v X v X
Launch_B 20.8% X X X X
Prevention_A 82.6% X X X X
Prevention_B 43.8% X X X X
SeeSaw 37.2% X X X X
Shafts_A 97.9% X X X X
Shafts_B 84.8% X X X X
Table_A 65.2% X X X X
Table_B 8.3% X X X X
Unbox 94.7% X v v v
Unsupport 62.8% X X X X
Validation Levels

Balance 26.0% X X X X
Basic_v2 36.0% X X v X
Collapse 94.0% v X v X
Falling_v2 62.0% X X X X
Launch_v2 50.0% X X v X
Remove 78.0% v X X v
Shove 82.0% v X X v
Spiky 4.0% X X X X
Table_v2 62.0% X X X X
Trap 78.0% X X X X
Total — 5/28 1/28 8/28 4/28
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Table 6: Per-level comparison for the Zero-Shot + JSON condition. Human% shows the percentage
of participants who solved the level within 4 attempts. VLM columns show v (pass) or x (fail).
Human pass rates are based on N=94 participants for the 18 original levels and N=50 for the
10 validation levels. Among the original levels, 6 form matched A/B pairs (e.g., Falling_A vs.
Falling_B); each participant played all 12 unmatched levels plus one randomly assigned variant
from each pair, yielding N=46-48 per matched-pair variant.

Level Human% (4 att.) GPT-5 Qwen3-VL Gemini 3 Pro Claude 4.5 Son.
Original Levels
Basic 91.5% v X v X
Bridge 69.1% X X v X
Catapult 69.1% X X v X
Chaining 62.8% X X v X
Falling_A 47.8% X X v X
Falling_B 31.2% X X v X
Gap 85.1% v X v X
Launch_A 93.5% v X v X
Launch_B 20.8% X X X X
Prevention_A 82.6% X X v X
Prevention B 43.8% X X v X
SeeSaw 37.2% X X X X
Shafts_A 97.9% v X v X
Shafts_B 84.8% X X X X
Table_A 65.2% X X v X
Table_B 8.3% X X X X
Unbox 94.7% v v v X
Unsupport 62.8% X X v X
Validation Levels

Balance 26.0% X X X X
Basic_v2 36.0% X X v X
Collapse 94.0% X X v X
Falling_v2 62.0% X X v X
Launch_v2 50.0% X X v X
Remove 78.0% v X v X
Shove 82.0% v X v X
Spiky 4.0% X X X X
Table_v2 62.0% X X v v
Trap 78.0% v X v X
Total —  8/28 1/28 22/28 1/28
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Table 7: Per-level comparison for the Few-Shot condition. Human% shows the percentage of par-
ticipants who solved the level within 4 attempts. VLM columns show v* (pass) or x (fail). Human
pass rates are based on N=94 participants for the 18 original levels and N=50 for the 10 validation
levels. Among the original levels, 6 form matched A/B pairs (e.g., Falling_A vs. Falling_B); each
participant played all 12 unmatched levels plus one randomly assigned variant from each pair, yield-
ing N=46-48 per matched-pair variant.

Level Human% (4 att.) GPT-5 Qwen3-VL Gemini 3 Pro Claude 4.5 Son.
Original Levels
Basic 91.5% v X v X
Bridge 69.1% X X X X
Catapult 69.1% X X X X
Chaining 62.8% X X X X
Falling_A 47.8% X X v X
Falling_B 31.2% X X X X
Gap 85.1% X X v v
Launch_A 93.5% X X v X
Launch_B 20.8% X X X X
Prevention_A 82.6% X X v X
Prevention_B 43.8% X X v X
SeeSaw 37.2% X X X X
Shafts_A 97.9% X X X X
Shafts_B 84.8% X X X X
Table_A 65.2% X X v X
Table_B 8.3% X X X X
Unbox 94.7% v v v v
Unsupport 62.8% X X X X
Validation Levels

Balance 26.0% X X X X
Basic_v2 36.0% X X X X
Collapse 94.0% v X v X
Falling_v2 62.0% X X X X
Launch_v2 50.0% X X X X
Remove 78.0% X X X X
Shove 82.0% v X X v
Spiky 4.0% X X X X
Table_v2 62.0% X X X X
Trap 78.0% X X X X
Total —  4/28 1/28 9/28 3/28
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Table 8: Per-level comparison for the Few-Shot + JSON condition. Human% shows the percentage
of participants who solved the level within 4 attempts. VLM columns show v (pass) or x (fail).
Human pass rates are based on N=94 participants for the 18 original levels and N=50 for the
10 validation levels. Among the original levels, 6 form matched A/B pairs (e.g., Falling_A vs.
Falling_B); each participant played all 12 unmatched levels plus one randomly assigned variant
from each pair, yielding N=46-48 per matched-pair variant.

Level Human% (4 att.) GPT-5 Qwen3-VL Gemini 3 Pro Claude 4.5 Son.
Original Levels
Basic 91.5% v X v X
Bridge 69.1% X X v X
Catapult 69.1% X X v X
Chaining 62.8% X X v X
Falling_A 47.8% X X v X
Falling_B 31.2% X X v X
Gap 85.1% v X v v
Launch_A 93.5% X X v X
Launch_B 20.8% X X X X
Prevention_A 82.6% X X v X
Prevention B 43.8% X X v X
SeeSaw 37.2% X X v X
Shafts_A 97.9% v X v X
Shafts_B 84.8% v X X X
Table_A 65.2% X X v X
Table_B 8.3% X X X X
Unbox 94.7% X X v X
Unsupport 62.8% X X v X
Validation Levels

Balance 26.0% X X v X
Basic_v2 36.0% X X X X
Collapse 94.0% v X v v
Falling_v2 62.0% X X v X
Launch_v2 50.0% X X v X
Remove 78.0% X X v X
Shove 82.0% v X v X
Spiky 4.0% X X X X
Table_v2 62.0% X X v X
Trap 78.0% X X v v
Total —  6/28 0/28 23/28 3/28
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