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Modern Vision–Language Models (VLMs) remain poorly characterized in multi-step visual
interactions, particularly in how they integrate perception, memory, and action over long horizons.
We introduce VisGym, a gymnasium of 17 environments for evaluating and training VLMs. The suite
spans symbolic puzzles, real-image understanding, navigation, and manipulation, and provides
flexible controls over difficulty, input representation, planning horizon, and feedback. We also provide
multi-step solvers that generate structured demonstrations, enabling supervised finetuning. Our
evaluations show that all frontier models struggle in interactive settings, achieving low success rates
in both the easy (26.8%) and hard (12.6%) configurations. Our experiments reveal notable limitations:
models struggle to effectively leverage long context, performing worse with an unbounded history
than with truncated windows. Furthermore, we find that several text-based symbolic tasks become
substantially harder once rendered visually. However, explicit goal observations, textual feedback,
and exploratory demonstrations in partially observable or unknown-dynamics settings for supervised
finetuning yield consistent gains, highlighting concrete failure modes and pathways for improving
multi-step visual decision-making. All the code, data, and models will be released.
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Figure 1. An overview of VisGym. (Left) VisGym consists of 17 diverse, long-horizon environments designed to
systematically evaluate, diagnose, and train VLMs on visually interactive tasks with different domains, levels of state
observability, and types of observations. (Right) An example trajectory for the Maze 3D navigation task illustrates a
partially observable environment consisting of non-structured synthetic renderings. Here, a VLM is prompted with (1)
the task description (simplified in the figure) and (2) a set of available actions to use (not shown in the figure for simplicity).
The agent must select each action conditioned on both its past actions and observation history for its decision-making.
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Table 1. Comparison among frameworks for visually interactive decision-making. Struct. Obs. and Non-struct. Obs.
indicate whether visual inputs can be parsed into structured text. POMDP denotes partial observability with hidden
states. Multi-Domain covers diversity across domains (e.g., robotics, computer use, games, puzzles). Scalable Episodes
marks automatic, large-scale generation. SFT and Online RL show support for finetuning and reinforcement learning.

Framework # Tasks
Environments Training

Struct. Non-struct. POMDP Multi Scalable SFT Online
Obs. Obs. Domain Episodes RL

Evaluation-only
OSWorld (Xie et al., 2024) 369 ✓ ✓

LIBERO (Liu et al., 2023) 130 ✓ ✓ ✓

VideoGameBench (Zhang et al., 2025) 23 ✓ ✓ ✓

LMGame-Bench (Hu et al., 2025) 6 ✓ ✓ ✓

Evaluation and Training
VLABench (Zhang et al., 2025) 100 ✓ ✓ ✓ ✓ ✓

VLM-Gym (Chen et al., 2025) 4 ✓ ✓ ✓ ✓

KORGym (Shi et al., 2025) 6 ✓ ✓ ✓ ✓

VisualAgentBench (Liu et al., 2024) 5 ✓ ✓ ✓ ✓ ✓ ✓

VAGEN (Wang et al., 2025) 5 ✓ ✓ ✓ ✓ ✓ ✓

VisGym (Ours) 17 ✓ ✓ ✓ ✓ ✓ ✓ ✓

1. Introduction

Humans navigate complex tasks in visually rich and interactive settings: manipulating objects, using devices,
or exploring unfamiliar environments. Success in these settings hinges on the tight coupling of perception,
memory, and action over multiple steps (Gibson, 1979; Henderson, 2001). Foundation Vision–Language
Models (VLMs) have made remarkable progress on static vision–language benchmarks (Yue et al., 2024;
Lu et al., 2023; Wang et al., 2024) and on text-based multi-step tasks such as web browsing and coding
(Sirdeshmukh et al., 2025; Wei et al., 2025; Jimenez et al., 2023). Yet when visual observations must be
integrated into multi-step decision-making, their behavior remains far less understood. Recent evaluations
across robotic manipulation, computer-use agents, and gaming agents highlight a range of challenges for
visually interactive decision-making, including low task success rates, brittle visual grounding, and weak
generalization (Zhang et al., 2025; Xie et al., 2024; Zhang et al., 2025; Liu et al., 2023; Hu et al., 2025; Chen et al.,
2025; Shi et al., 2025; Liu et al., 2024). Although these insights are valuable, they tend to be domain-specific
and observational, offering limited systematic, controlled diagnosis of how domain-agnostic factors—such as
context length, representation modality, feedback design, or goal visibility—affect model performance across
tasks.

We introduce VisGym, a highly diverse, scalable, and customizable gymnasium with 17 long-horizon
environments designed to isolate what limits interactive decision-making across domains and to expose
where current VLMs break down. The suite spans symbolic puzzles, real-image understanding, navigation,
and manipulation tasks, each with distinct observability and dynamics and equipped with oracle multi-
step solvers for supervised finetuning (framework comparison in Tab. 1). Crucially, VisGym provides
fine-grained controls over input representation, difficulty, history length, planning horizon, and feedback,
enabling domain-agnostic, systematic analysis of model behavior. Building on prior domain-specific studies,
we conduct cross-domain controlled experiments that examine how these factors, together with module
finetuning and data curation, affect performance in multi-step visual decision-making.

Across 11 state-of-the-art models, even the strongest achieve only 26.79% and 12.57% success in the easy and
hard settings, respectively. Our analyses reveal several concrete, cross-domain failure modes: (1)models
struggle to effectively leverage long-term context, showing a reversed-U relationship where performance de-
grades as the context grows unbounded; (2)VLMs struggle with low-level perceptual grounding, a limitation
highlighted by symbolic variants of tasks being substantially easier than their visually rendered counterparts;
(3) models struggle to infer task states and outcomes from purely visual transitions, consistently relying
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Table 2. VisGym environments. For each environment, we specify (1) Domain: whether observations come from Real
or Synthetic images, (2) Observability (Obs.): Full or potentially Partial, (3) Dynamics (Dyn.): Known vs. Unknown
dynamics, (4) Parameters (P.): number of difficulty parameters, and (5) Available Actions.

Environment Domain Obs. Dyn. P. Available Actions

Colorization (102) Real Full Known 1 rotate(θ); saturate(δ); stop()
Counting (30) Real Full Known 2 mark(x, y); undo(); guess(N); stop()
Jigsaw (27) Real Full Known 2 swap((r1, c1), (r2, c2)); reorder([. . . ]); stop()
Matchstick Equation (42) Synthetic Full Known 1 move([i, s, j, t]); undo(); stop()
Matchstick Rotation (44) Synthetic Full Unknown 3 move([dx, dy, dθ]); stop()
Maze 2D (43) Synthetic Full Known 2 move(d); stop()
Maze 3D (43) Synthetic Partial Known 2 move(0); turn(d); stop()
Mental Rotation 2D (18) Real Full Known 1 rotate(θ); stop()
Mental Rotation 3D (Cube) (66; 70) Synthetic Partial Known 3 rotate([dy, dp, dr]); stop()
Mental Rotation 3D (Objaverse) (70; 20) Synthetic Partial Known 1 rotate([dr, dp, dy]); stop()
MuJoCo Fetch (Pick-and-Place) (85) Synthetic Partial Unknown 0 move([x, y, z]); gripper(g); stop()
MuJoCo Fetch (Reach) (85) Synthetic Partial Unknown 0 move([x, y, z]); stop()
Patch Reassembly (28) Synthetic Full Known 2 place(p, r, c); remove(p); stop()
Referring Dot-Pointing (39) Real Full Known 0 mark(x, y); stop()
Sliding Block (75) Synthetic Full Known 1 move(b, d); stop()
Video Unshuffle (29; 60) Real Full Known 3 swap(i, j); reorder([. . . ]); stop()
Zoom-In Puzzle (6) Real Full Known 5 swap(i, j); reorder([. . . ]); stop()

on explicit textual feedback to boost performance; (4) the benefit of providing explicit goal observations is
brittle and can backfire: while explicit goals can yield large gains, limited visual perception can cause models
to misidentify them and, paradoxically, perform worse than with no goal at all; (5) models fail to learn from
standard demonstrations under partial observability or unknown dynamics, requiring information-revealing
demonstrations that expose hidden states or clarify dynamics to significantly improve supervised finetuning
outcomes.

Together, these findings establish VisGym as a unified and extensible framework for diagnosing, understand-
ing, and ultimately improving VLMs in visually interactive decision-making.

2. VisGym

VisGym contains 17 visually interactive environments. Each environment exposes initialization parameters
that control task configuration and difficulty. We provide a high-level overview of the environments in Tab. 2
and detailed descriptions with visualizations in Sec. 9. VisGym is built on top of the Gymnasium framework
(Brockman et al., 2016; Towers et al., 2024), the same library underlying MuJoCo (Todorov et al., 2012) and
Atari (Bellemare et al., 2013). Since vision–language agents can interpret images, read instructions, and
produce free-form text, we extend Gymnasium with the following enhancements:

Function-Conditioned Action Space. Instead of the discrete or continuous action vectors used in standard
Gymnasium environments, we represent actions as function calls with parameters (e.g., (’swap’, (1,

2)), (’rotate’, (30.5, 20.4, 15.1))). This abstraction allows models to leverage their function-
calling capabilities and compose strategies across domains.

Function Instructions. Each task defines a set of functions and their parameter spaces. To enable zero-shot
rollouts, we provide a natural-language description of these functions and their argument constraints as part
of the initial prompt before the model takes its first action. Instructions for each task are shown in Sec. 9.

Environment Feedback. In addition to visual transitions, the environment provides textual feedback
describing the effect of each action (e.g., “invalid format," “out of bounds," “executed"). This helps models
with weaker visual perception better ground their actions.

Solver. We implement heuristic multi-step solvers that complete each task using the available actions. The
solver supports (1) multiple solving strategies and (2) optional stochasticity, enabling the generation of
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diverse demonstration trajectories for supervised fine-tuning. We describe the solver design for each task in
Sec. 8.

Together, these design choices yield a highly customizable interface. Each task can define its own action
functions, instruction set, and solver, while the unified step function handles parsing, validation, execution,
and feedback (Algorithm 1 in Sec. 11). This modular structure makes it easy to add new tasks, vary action
spaces, and generate visual and textual supervision for VLM agents.

3. Evaluating Frontier Models with VisGym

In this section, we evaluate vision-language models on VisGym. We describe our evaluation setup in Sec. 3.1
and present results and observational analysis in Sec. 3.2.

3.1. Evaluation Setup

We evaluate 11 vision-language models spanning three categories: proprietary (Gemini 2.5 Pro (DeepMind,
2025), GPT-5 (OpenAI, 2025), Claude Sonnet 4 (Team, 2025), Grok 4 Fast (xAI, 2025), Qwen-VL-Max (Bai
et al., 2025)); open-weight models (Qwen3-VL-235B-Instruct (Yang et al., 2025), GLM-4.5V (Hong et al.,
2025), Llama-4-Maverick (Touvron et al., 2023), Qwen-2.5-VL-72B-Instruct (Bai et al., 2025), Gemma 3-27B-
Instruct (Team et al., 2025)); and specialized models targeted at GUI/game environments (UI-Tars-1.5-
7B (Qin et al., 2025)). We access all proprietary and hosted models through OpenRouter and thus ensure a
consistent prompting interface and inference pipeline. We additionally evaluate models that we finetune on
solver demonstrations. We provide details of the supervised finetuning setup in Sec. 5.1.

All models are evaluated in a multi-turn manner. At each step t, the model receives the full history

Ht =
(

I, {(oτ , aτ , fτ )}τ<t

)

, (1)

where I ∈ R
LI is the task instruction, oτ ∈ R

H×W×C the observation, aτ ∈ R
La the action, and fτ ∈ R

Lf the
environment feedback. The model then outputs an action at. If it outputs the stop action, the environment
terminates and returns a binary reward indicating task success. In addition, we limit the number of interaction
steps to 20 for the easy setting and 30 for the hard setting. All tasks are designed to be solvable within these
limits, and the environment explicitly provides the number of remaining steps as part of its feedback. We
also ensure that the length of interaction history is within models’ context window. We evaluate each model
on 70 episodes per task and setting (i.e., easy, hard).

3.2. Result and Analysis

Frontier VLMs Fail on VisGym. We show the per-task success rate and the average task success rate of the
frontier models in Figure 4 and Figure 2, respectively.
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Figure 4. Task success rate of frontier and finetuned models. Proprietary models are shown in bold, and our finetuned
models in italics. (E) and (H) denote easy and hard task settings. Darker cells indicate higher success rates. Models are
ordered by average task performance (top = better), and tasks by average model performance, excluding our finetuned
ones (right = harder).

Even the best-performing frontier model, GPT-5, achieves only 26.43% on VisGym (Easy) and 12.57% on
VisGym (Hard), indicating that VisGym poses a significant challenge for existing models.

Model Specialization. We compare the 3 strongest models: Gemini 2.5 Pro, GPT-5, Qwen3-VL-235B Instruct.
GPT-5 shows the best ability to handle long-context visual interactions. This is reflected in its stronger
performance on matchstick rotation where the scale is unknown, its higher scores overall on the hard setting
(Fig. 2), and its visibly longer tail in the number of steps taken to successfully solve tasks compared to the
other models (Fig. 3). Gemini 2.5 Pro is good at low-level visual perception. This is reflected in its strongest
performance on Jigsaw, Maze 2D, Zoom-In Puzzle, and Sliding Block, all of which demand tight spatial
alignment, accurate correspondence of local patterns, and sensitivity to subtle visual cues. Qwen-3-VL is in
particular capable of object localization (e.g., strongest in Referring Dot-Pointing).

Examining the step count distribution (smoothed density curve) for successful trajectories across models
(Fig. 3), we found that most models (i.e., Gemini 2.5 Pro, Claude Sonnet 4, and Llama-4-Maverick) only
peaked around 3-5 steps, followed by a sharp drop in successful trajectories when they spend more steps.
This indicates limited capability in effectively handling long-context multi-step visual interactions.

Common Failure Patterns. We identify recurring failures using automated failure discovery methods (Dun-
lap et al., 2025; Lisa Dunlap et al., 2025), which employ a VLM annotator (GPT-4.1) to extract negative
behaviors from each trajectory and cluster them into categories observed across datasets. This analysis
reveals four failure types that appear consistently across multiple tasks (see Sec. 13 for details):

(1) Restricted action space and action looping: models often rely on a single repeated operation or fixed-magnitude

action, such as continually moving in the same direction in Fetch Pick & Place, using “swap” in Jigsaw instead
of “reorder”, or rotating by the same angle in Mental Rotation 3D and Match Rotation rather than converging
to an optimal magnitude.

(2) State mismanagement: models fail to maintain or update internal state across steps. They ignore textual or

environmental feedback, revisit previously explored areas, or repeat illegal actions despite prior errors—for
example, continuing to move into a wall after being told they have collided, or repeating invalid moves in the
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Match Equation, Sliding Block, and Toy Maze 2D tasks.

(3) Early termination: the model terminates before the maximum steps despite not reaching the goal.

(4) Failure to use visual or spatial information: models ignore the visual information provided, such as the

target leaving the frame or the item being successfully aligned (e.g., Mental Rotation).

4. Diagnosing Frontier Models with VisGym

In this section, we show the flexibility of VisGym by presenting controlled diagnoses of how different designs
of multi-step interactions can drastically change frontier models’ performance and provide our conjectures
on why these designs make a difference.

We perform diagnoses with the two best performing proprietary models, i.e., GPT-5 (OpenAI, 2025) and
Gemini 2.5 Pro (DeepMind, 2025), and the two best performing open-weight models, i.e., Qwen3-VL-235B
Instruct (Yang et al., 2025) and GLM-4.5V (Hong et al., 2025).

4.1. Turns to Keep in Conversation History

Vision–language models are known to degrade with long visual context (Wang et al., 2025; Wu et al.,
2024; Sharma et al., 2024). This creates a dilemma: while long histories provide more information about
the environment (e.g., 3D layouts, unknown dynamics), they also introduce redundant observations that
may harm performance. We study this trade-off in Maze2D, Sliding Block, MuJoCo Fetch Reach, and
Matchstick Rotation, where history provides useful signals such as textual feedback (e.g., invalid actions) or
correspondence between action magnitude and perceptual effect, but also introduces stale information.
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Figure 5. Effect of truncating conversational context on model performance. The settings 1, 2, 4, and∞ correspond
to retaining only the current turn, the current + previous turn, the current + previous 3 turns, and the full history,
respectively. Error bars show the standard error of the mean.

As shown in Fig. 5, models benefit from including a limited number of previous turns up to roughly four,
following a drop when given the full unbounded history. This indicates that expanding visual context
helps multi-step visual decision-making only to a point, after which irrelevant or stale observations become
detrimental. We also observe task-specific idiosyncrasies: Gemini 2.5 Pro scales well in Maze2D, GPT-5
scales well on Matchstick Rotation, while Sliding Block exhibits clear reverse scaling for Gemini 2.5 Pro. These
highlight that the value of interaction history is both task-dependent.

4.2. Representing Observation in Text

Inspired by prior work examining how different task representations affect agent performance (Hu et al.,
2025; Shi et al., 2025; Ruoss et al., 2024), we select four symbolic tasks–Matchstick Equation, Maze 2D, Patch
Reassembly, and Sliding Block–and implement alternate versions rendered entirely in ASCII (sample ASCII
visualizations are provided in Sec. 10). This allows tasks to be solved without any visual encoding module.

The results in Fig. 6 show that GPT-5 substantially improves in most tasks, often achieving 3 – 4× higher
success rates than in the visual setting, suggesting that its main bottleneck lies in visual grounding rather
than long-horizon reasoning. Gemini 2.5 Pro shows mixed behavior: two tasks do not exhibit significant
performance change, one task improves, and one task degrades, indicating possible limitations in both
perception and planning. Open-weight models struggle across all tasks in both modalities, indicating general
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Figure 6. Effect of visualizing observations with ASCII (text). “Image” and “Text” denote the observation modalities.
Error bars show the standard error of the mean.

weaknesses in long-horizon decision-making regardless of representation. Interestingly, Matchstick Equation
exhibits a reverse trend: all models perform substantially better with the visual representation than with
ASCII, likely because the figlet-style ASCII has irregular shapes and spacing that create distorted glyphs
which models are known to struggle with (Stojanovski et al., 2025).

4.3. Removal of Text-based Feedback

Humans can infer action consequences directly from visual changes (Michotte, 1963), but it remains unclear
whether VLMs can do the same. To study this, we select four tasks—Maze 3D, Maze 2D, Sliding Block, and
Matchstick Equation—in which the environment feedback f (see Eq. (1)) provides not only formatting errors
but also constraint violations (e.g., hitting a wall in Maze, sliding a block into an occupied cell). We remove
this textual feedback and evaluate model using only visual state transitions; results are shown in Fig. 7.
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Figure 7. Effect of removing text-based environment feedback. “With Feedback” includes environment feedback
describing action execution at each turn; “No Feedback” removes this channel. Error bars show the standard error of the
mean.

All models show consistent drops in average performance. This indicates that models struggle to infer action
validity directly from visual transitions. These findings show that current VLMs depend heavily on text-based
feedback during visually interactive decision-making and are less sensitive to pure visual feedback.

4.4. Providing Final Goal at Beginning

Providing the solution image upfront simplifies the tasks to visually aligning current observations with
a known target, shifting the difficulty from reasoning to visual perception and tool-calling. We test this
on five tasks, Patch Reassembly, Jigsaw, Colorization, Zoom-In Puzzle, and Matchstick Equation, where
constructing the goal observation involves significant effort. For these tasks, we augment the instruction
with the ground-truth final observation ogt, and show results in Fig. 8.

0.0

0.2

0.4

Av
g.

Su
cc

es
s R

at
e Average

0.00

0.25

0.50

Patch Reassembly

0.0

0.5

Jigsaw

0.0

0.2

0.4

Colorization

0.0

0.2

Zoom-In Puzzle

0.0

0.5

Matchstick Equation
GPT-5 Gemini 2.5 Pro Qwen3 VL 235B Instruct GLM 4.5V No Final Obs. With Final Obs.

Figure 8. Effect of providing the final goal observation at the beginning of the episode. “No Final Obs.” and “With
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error of the mean.

Across tasks, models improve substantially, indicating that a major bottleneck lies in constructing or imagining
the target state. However, performance remains far from perfect, indicating additional limitations beyond
reasoning, such as fine-grained visual perception and action calling. Surprisingly, GPT-5 and Gemini 2.5 Pro
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underperform on the Zoom-In Puzzle and Matchstick Equation when the final goal observation is provided,
often terminating early despite visible misalignment. A follow-up test confirms this stems from visual
misjudgment due to limited visual perception: we queried Gemini 2.5 Pro on 100 pairs of initial and final-goal
observations with the prompt “Do the two images look exactly the same?” and it incorrectly judged images as
identical 80% and 57% of the time for these tasks, versus only 18%, 2%, and 0% for Colorization, Jigsaw, and
Patch Reassembly. This confirms that perception errors can invert the expected benefit of an explicit goal
observation.

5. Training with VisGym

We describe our supervised fine-tuning experiments with VisGym, present results, and provide insights on
generalization, module specificity, and data curation.

5.1. Supervised Fine-Tuning Experiments

Setup. We generate demonstration trajectories for supervised fine-tuning using the multi-step solver
described in Sec. 2. We apply two preprocessing filters: (1) discarding trajectories that fail to complete the
task, and (2) removing trajectories with initial states overlapping the test split to prevent data leakage.

We evaluate two fine-tuning configurations: single-task and mixed-task. In the single-task setting, we fine-tune
a separate model for each task, whereas in the mixed-task setting, a single model is trained jointly on all tasks.
Notably, demonstrations are sourced exclusively from the easy difficulty level; thus, performance on the hard
setting serves as a metric for difficulty generalization. All experiments employ Qwen2.5-VL-7B-Instruct (Bai
et al., 2025) with full-parameter fine-tuning, a global batch size of 64, a learning rate of 1× 10−5, and bf16
precision. Models are trained for 1, 500 steps in the single-task setting and 5, 000 steps in the mixed-task
setting. We utilize LlamaFactory (Zheng et al., 2024) for all data preprocessing and training orchestration.

Results. As shown in Figs. 2 and 4, finetuned models achieve state-of-the-art performance on most tasks,
validating both the learnability of our environments and the effectiveness of our multi-step solvers. These
gains confirm that current VLMs can substantially benefit from structured, solver-generated demonstrations
in visually grounded multi-step settings.

5.2. Stronger Base Model Generalizes Better
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Figure 9. Generalization to unseen difficulty from mixed-
task supervised finetuning. (Left): average success rate
across 7 tasks in easy (seen) and hard (unseen) settings for
Qwen2.5-VL and Qwen3-VL. (Right): task-level plot compar-
ing success rates; X-axis = easy, Y-axis = hard.

Existing work has discussed the limitations of super-
vised finetuning (Ross et al., 2011) and found that it
exhibits limited generalization to task variants (Cac-
cia et al., 2024; Deng et al., 2023; Jang et al., 2022). This
motivates re-examining generalization in the context
of modern VLMs, whose capabilities may shift the
boundary of what supervised finetuning can or can-
not retain.

To this end, we select a set of environments where
the easy-to-hard difficulty gap introduces substantial
state changes (e.g., more views in the Zoom-In Puz-
zle, more patches in Patch Reassembly, larger maze
sizes; details in Sec. 12). We finetune Qwen2.5-VL-
7B-Instruct and Qwen3-VL-8B-Instruct on the same
mixed-task training data using identical optimization
hyperparameters (see Sec. 5.1), and report perfor-
mance in Fig. 9.

As shown, both models achieve comparable perfor-
mance on the easy variants theywere trained on (e.g., 0.59 vs. 0.64), but themore recent Qwen3-VL generalizes
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substantially better to the harder variants, nearly doubling the success rate on average relative to Qwen2.5-VL.
This trend highlights that newer VLMs provide stronger out-of-distribution generalization in multi-step
visual decision-making despite being finetuned on an identical setup.

5.3. Vision and LLM Both Matter
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Figure 10. Tasks benefiting from finetuning different mod-
ules. “Vision Gain” and “LLM Gain” denote improvements
from jointly finetuning both components, compared to fine-
tuning only the LLM or the vision part. The dashed line
(y = x) divides vision-favored (above) and LLM-favored
(below) synergy. “Full” and “Partial” denote whether ob-
servability and dynamics are fully known.

Classic perception–action theories emphasize that
fine-grained visual encoding and temporal integra-
tion are jointly necessary for interactive behavior
(Gibson, 1979). We examine whether this holds for
VLMs by fine-tuning variants that modify either the
vision encoder or the LLM backbone to isolate each
module’s contribution, where the vision encoder pro-
vides fine-grained perceptual features and the LLM
performs temporal integration across steps.

As shown in Fig. 10, most tasks benefit from fine-
tuning both components, with the LLM contributing
the larger performance gain—particularly in tasks
with partial observability or unknown environment
dynamics. This highlights that temporal reasoning
and history integration remain the primary bottle-
necks for current VLMs, while strong fine-grained
visual encoding is necessary (e.g., Zoom-In Puzzle
primarily benefits from vision finetuning) but often
not sufficient for multi-step decision-making.

5.4. Importance of Information-Revealing Behaviors for SFT Curation
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Figure 11. Effect of data curation strategies on task perfor-

mancewhen environment dynamics are unknown. Num-

bers represent average task success (higher is better). “3
Moves” and “2 Unit Moves + 1Move” are two curation strate-
gies.
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Figure 12. Effect of data curation strategies on task perfor-

mancewhen environment is partially observable. “Solve-

Only” and “Rotate-Then-Solve” are two curation strategies,
and “Continued Training on Solve-Only” denotes further
finetuning on Solve-Only after training on Rotate-Then-Solve.
(Left): final angular error on the test set (lower is better).
(Right): average task success rate (higher is better).

Not all experiences contribute equally to decision-
making: trajectories that reveal hidden states or dis-
ambiguate perceptual aliasing are often farmore valu-
able (McCallum, 1994; Fujii et al., 1998). We ask
whether inducing such information-revealing behav-
iors during supervised finetuning helps VLMs form
more accurate state representations. We evaluate this
on two tasks, Matchstick Rotation (unknown dynam-
ics) and Mental Rotation 3D Objaverse (partial ob-
servability), with results in Figs. 11 and 12.

In Matchstick Rotation, the baseline demonstrations
perform three stochastic moves toward the target. In
contrast, the information-revealing demonstrations
first perform two unit-scale steps to expose the corre-
spondence between actionmagnitude and perceptual
effect before executing the final aligning move. This
structured exploration raises success from 32.9% to
70.0%.

In Mental Rotation, the baseline trajectories rotate
along each principal axis once to reach the goal, while
the information-revealing ones deliberately fully ro-
tate along each axis to expose the full 3D geometry
before settling on the target orientation. This strategy improves performance in both metrics. To verify that
gains are not simply due to longer trajectories, we further continue training on baseline demonstrations
starting from the model already finetuned with information-revealing data. Performance deteriorates in
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this setting, confirming that the observed improvements stem from the informative structure of the demon-
strations rather than quantity or length. These results highlight that SFT effectiveness depends on whether
demonstrations induce state-disambiguating behaviors, not merely on the number of examples.

6. Related Work

The development of foundation models (Achiam et al., 2023; Team et al., 2023; Team, 2025; Dubey et al.,
2024; Yang et al., 2025), particularly vision-language models (VLMs) (Hong et al., 2025; Bai et al., 2025;
Team et al., 2025; Zhu et al., 2025; Team et al., 2025; Liu et al., 2023; Alayrac et al., 2022; Li et al., 2022) and
vision-language-action models (VLAs) (Black et al., 2024; Bjorck et al., 2025; Team et al., 2025; Kim et al.,
2024; Octo Model Team et al., 2024; Huang et al., 2025; Team et al., 2025; Zhou et al., 2025; Niu et al., 2024; Shi
et al., 2025), has reshaped how AI agents perceive, make decisions, and act across physical and simulated
environments. To properly assess the capabilities and limitations of the models, a plethora of benchmarks
have been developed.

Early benchmarks such as Atari, OpenAI Gym, and DeepMind Lab (Mnih et al., 2013; Brockman et al., 2016;
Towers et al., 2024; Beattie et al., 2016) were developed to evaluate vision-based control and decision-making
in fully observable environments. These platforms laid the groundwork for reinforcement learning but
focused primarily on low-level motor control. Subsequent efforts extended these ideas to roboticmanipulation
and navigation, introducing partially observable, multi-task, and long-horizon settings that better reflect
real-world complexity (Yu et al., 2020; Ahmed et al., 2020; Shridhar et al., 2020; Li et al., 2024; Cao et al., 2025;
Liu et al., 2023; Khanna et al., 2024; Choi et al., 2024; Yang et al., 2025; Ehsani et al., 2021; Szot et al., 2021;
Srivastava et al., 2022; Mees et al., 2022; Mandlekar et al., 2021; James et al., 2020). These modern suites
enable training and evaluation of multi-task imitation learning and meta-learning policies across diverse
embodiment and task horizons.

Concurrently, many VLM benchmarks have been developed to probe models’ cognitive and perceptual limits.
Early efforts focused on visual question answering—first as multiple-choice tasks and later as open-ended
reasoning (Yue et al., 2024, 2025; Liu et al., 2024; Li et al., 2024; Chen et al., 2024). As visual grounding and
reasoning improved, newer benchmarks began representing actions through text instead of fixed, predefined
action spaces, enabling studies of the interplay between perception, reasoning, and control (Wang et al.,
2025; Jang et al., 2024; Liu et al., 2023; Shi et al., 2025; Stojanovski et al., 2025; Abdulhai et al., 2023; Coelho
et al., 2025). For example, G1 (Chen et al., 2025) introduces VLM-Gym, a suite of visual game environments
with unified interfaces and adjustable difficulty. Broader evaluation suites such as VisualAgentBench (Liu
et al., 2024), EmbodiedBench (Yang et al., 2025), and WebArena (Zhou et al., 2023) aggregate tasks across
embodied control, graphical interfaces, and visual reasoning, challenging agents with multi-step planning
and tool use.

VisGym unifies reasoning and control under an RL-style “gym” paradigm, combining 17 multimodal tasks
spanning visual puzzles, spatial reasoning, manipulation, and grounding. Each environment includes an
oracle solution to ensure solvability and allow synthetic trajectory generation for post-training. Moreover,
VisGym introduces controllable difficulty along with targeted diagnostics—such as history utilization, repre-
sentation variants, feedback specificity, and perception–action causality—allowing researchers to examine
not only whether models fail but also what causes failures. We hope these designs enable more systematic
analysis of VLMs and VLAs across domains and levels of interactivity (Tab. 1).

7. Conclusion

We present VisGym, a unified suite of 17 visually interactive environments that challenge and train vi-
sion–language models in multi-step visual decision-making. VisGym establishes a rigorous playground for
building the next generation of multimodal agents, bridging perception and reasoning toward more capable,
adaptive visual intelligence.
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8. Solver Design

This section provides detailed descriptions of the multi-step solvers introduced in Sec. 2 and used for
supervised finetuning across all environments.

Colorization. The solver computes how far the current hue and saturation are from the target, breaks those
differences into small incremental steps, and outputs a sequence of rotate and saturate actions that move
steadily toward the correct color. If a target number of steps is requested or if the color is already close
enough, it fills the sequence with reversible rotate/saturate pairs that cancel out and don’t change the final
state.

Counting. mark_all strategy: The solver places a dot at the center of each target instance, then submits the
correct total count and stops. guess_only strategy: The solver directly submits the correct total count and stops,
without placing any dots.

Jigsaw. reorder strategy: The solver computes a single permutation payload that, when applied via the
reorder’ action, instantly rearranges the current pieces into their correct target positions. swap strategy: The
solver generates a minimal sequence of swap’ actions by repeatedly finding a misplaced piece and swapping
it with the piece at its correct target location. If a target number of steps is requested, it pads this sequence
with reversible pairs of swaps (e.g., swapping two pieces and then immediately swapping them back) until
the desired length is reached.

Matchstick Equation. bfs strategy: The solver finds the shortest possible sequence of move’ actions to correct
the equation using a Breadth-First Search (BFS) and then stops. dfs strategy: The solver finds a solution using
a Depth-First Search (DFS), producing a sequence of move’ actions and undo’ actions that represent its full
exploratory and backtracking process before stopping. sos strategy: The solver first finds the shortest solution
path (via BFS), then pads this path by inserting random, reversible detours. Before an optimal step, it takes
one or more random move’ actions and immediately undo’es them, returning to the optimal path before
proceeding.

Matchstick Rotation. The solver first performs one or more translation-only move’ actions, which are
typically unit-length moves in the general direction of the target. It then executes a final move’ action that
applies the entire required rotation and corrects any remaining translation error, before stopping.

Maze 2D. The solver uses a graph search algorithm to find the optimal coordinate path from the agent to the
target, which is converted into the shortest sequence of move’ actions. If a target number of steps is requested,
the solver pads this optimal sequence by inserting random, reversible move’ pairs (e.g., move up’ followed
by move down’) at valid locations along the path until the desired length is met, before stopping.

Maze 3D. The solver uses a graph search algorithm to find the optimal coordinate path from the agent’s
location to the target. It then converts this path into the shortest sequence of turn’ (left, right, or around) and
move’ actions required to follow that path, accounting for the agent’s current orientation. If a target number
of steps is requested, the solver pads this optimal sequence by inserting random, reversible turn’ pairs (e.g.,
turn left’ followed by turn right’) at locations along the path until the desired length is met, before stopping.

Mental Rotation 2D. The solver first calculates the shortest total rotation angle required to align the current
image with the target. If the requested number of steps is 1, it outputs a single rotate’ action for that total
angle. If a larger number of steps is requested, it stochastically divides the total rotation into that many
smaller rotate’ actions, which are executed sequentially and sum to the correct total angle, before stopping.

Mental Rotation 3D (Cube). The solver decomposes the total required rotation into its yaw, pitch, and roll
components. It then corrects each component sequentially. Before applying the corrective ‘rotate’ action for a
specific axis (e.g., yaw), it first executes a padding sequence of four 90-degree rotations around that same axis.
After this 360-degree padding, it applies the single action to correct the yaw. It repeats this pad-then-correct
process for the pitch and roll axes, then stops.

Mental Rotation 3D (Objaverse). Same as Mental Rotation 3D (Cube).

19



MuJoCo Fetch (Pick-and-Place). The solver is a state-machine-based oracle. It follows a sequence: (0)
move the gripper to a safe height above the object, (1) open the gripper, (2) descend to the object, (3) close
the gripper to grasp. (4) Once grasped, it moves the object directly toward the 3D goal position using a
greedy, per-axis strategy (correcting the axis with the largest error at each step). (7) Finally, it holds the
object at the target location and stops.

MuJoCo Fetch (Reach). The solver is a greedy, per-axis oracle. At each step, it identifies the single axis (x,
y, or z) with the largest error between the gripper and the goal. It then outputs a ‘move’ action along that
single axis to reduce the error, repeating this process until the goal is reached, at which point it stops.

Patch Reassembly. The solver uses a backtracking search to find the optimal sequence of ‘place’ actions that
perfectly tile the grid. If a target number of steps is requested, it pads this sequence by repeatedly inserting
“mistake-and-correct" actions: it finds a correct ‘place’ action in the solution, finds a valid wrong location for
that piece, and inserts this “mistake" ‘place’ action immediately before the “correct" ‘place’ action. If no valid
mistakes can be found, it falls back to inserting a ‘remove’ and a duplicate ‘place’ action. This repeats until
the desired number of ‘place’ actions is met.

ReferringDot-Pointing. The solver first samples a random pixel fromwithin the target object’s segmentation
mask and also calculates the mask’s center of mass. It then generates a sequence of ‘mark’ actions by linearly
interpolating from the random starting point to the center of mass over the requested number of steps. The
final action in this sequence places a mark at the exact center of mass, which is then followed by a ‘stop’
action.

Sliding Block. The solver uses a Breadth-First Search (BFS) to find the shortest sequence of ‘move’ actions
from the current board state to the target configuration. If a target number of steps is requested, it pads
this optimal path by first reconstructing all intermediate board states. At each state, it identifies all valid
“back-and-forth" moves (e.g., move block 1 right, then move block 1 left). It then randomly samples from
these opportunities and inserts the required number of ‘move’ and ‘reverse-move’ pairs into the solution
path until the desired length is met, before stopping.

Video Unshuffle. reorder strategy: The solver computes a single permutation payload that, when applied
via the ‘reorder’ action, instantly rearranges the shuffled frames into their correct chronological order, then
stops. swap strategy: The solver generates a minimal sequence of ‘swap’ actions to sort the frames. It iterates
through the positions, and if a frame is in the wrong place, it finds the correct frame and swaps it into its
target position, repeating until all frames are sorted, then stops.

Zoom-In Puzzle. Same as Video Unshuffle.
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9. Environment Episode Progression

Referenced in Tab. 2 and Sec. 2, this section presents detailed episode progressions for each environment. A
summary index with page numbers is provided below:

Colorization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

Counting. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .57

Jigsaw . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

Matchstick Equation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

Matchstick Rotation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

Maze 2D . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

Maze 3D . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

Mental Rotation 2D . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

Mental Rotation 3D (Cube) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

Mental Rotation 3D (Objaverse) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

MuJoCo Fetch Pick-and-Place . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

MuJoCo Fetch Reach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

Patch Reassembly . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

Referring Dot-Pointing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

Sliding Block . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

Video Unshuffle . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

Zoom-In Puzzle . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

10. ASCII-based Observation Visualization

In this section, we present example episode variants rendered in text, as discussed in Sec. 4.2, for the Sliding
Block, Maze 2D, Patch Reassembly, and Matchstick Equation environments in Fig. 13.

Note that the instructions are slightly adapted to fit the text-based format (e.g., in the visual version of Patch
Reassembly, we describe the anchor as “the cell that shows the patch’s ID number,” while in the text version
we note that “the anchor cell for each parked patch is marked with a ‘*’ instead of its ID number”).

11. VisGym Interface
Algorithm 1 Generic Step Function
(Sec. 11). Symbols: ρ = reward, τ = termi-
nated, υ = truncated, φ = feedback, α =
action name, π = payload, ι = info.

function Step(a)
ρ← 0
(τ, υ)← (false, false)
Parse a→ (α, π)
if invalid format then

return
(obs(), 0, τ, υ, ι(“invalid format”))

if α ∈ A and π ∈ A[α] then
(φ, τ, υ)← Apply(α, π)

else
return

(obs(), 0, τ, υ, ι(“invalid action”))

if τ = true then
ρ← ComputeReward()

return (obs(), ρ, τ, υ, ι(φ))

In this section, we present the pseudocode for the step function
(Algorithm 1) used in VisGym (i.e., Sec. 2). The function initializes
the reward and both termination flags, then parses themodel’s output
string into an action name and payload. If parsing fails, it immediately
returns an observation with “invalid format” as feedback.

If the parsed action name is supported and its payload is valid for the
corresponding action space, the function calls Apply, which executes
the action and returns the environment feedback. Otherwise, it ends
early with “invalid action” as feedback.

Termination and truncation are determined inside Apply. If the
action triggers termination (e.g., stop), the function computes the
final reward based on the environment state. Thus, the returned
reward is always zero for non-terminal transitions and the final score
upon termination.

Finally, the function returns the new observation, reward, termination,
and truncation flags, and the feedback describing the action outcome.
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12. Configuration of Environments

In this section, we provide the tunable parameters for each task that determine its difficulty. Note that in
some environments, higher difficulty primarily increases the complexity of the input observations (e.g.,
Sec. 5.2), while in others it tightens the reward criteria and requires more precise control. Details are in Tab. 3.

Table 3. Configuration summary for all tasks: tunable parameters, easy and hard configurations, and source datasets.

Task Tunable Difficulty Parameters Easy Hard Src. Dataset

Colorization Accuracy radius ar (precision required for
hue and saturation match).

ar = 11 ar = 16 LLaVA Liu
et al. (2023)

Counting Minimum and maximum
count range c_min, c_max.

c_min = 2,
c_max = 20

c_min = 5,
c_max = 30

LVIS Gupta
et al. (2019)

Jigsaw number of rows and columns nr, nc. nr = 2, nc = 2 nr = 3, nc = 3 LLaVA Liu
et al. (2023)

Matchstick
Equation

Number of break moves
bm (corruptions to fix).

bm = 1 bm = 2 —

Matchstick
Rotation

Hidden scale range sr, position tolerance
pt, angular tolerance at.

pt = 10,
at = 15

pt = 5,
at = 10

—

Maze 2D Maze width and height mw, mh. mw = 9, mh = 9 mw = 11, mh =
11

—

Maze 3D Maze width and height mw, mh. mw = 7, mh = 7 mw = 9, mh = 9 —

Mental Rotation
2D

Angular tolerance at. at = 10.0 at = 5.0 LLaVA Liu
et al. (2023)

Mental Rotation
3D
(Cube)

Number of segments ns, length range lr,
angular tolerance at.

ns = 4 ns = 6 —

Mental Rotation
3D
(Objaverse)

Angular tolerance at. at = 15.0 at = 5.0 Objaverse
Deitke et al.
(2023)

MuJoCo Fetch
Pick-and-Place

No user-tuned difficulty parameters
(standardized task).

Standard Standard —

MuJoCo Fetch
Reach

No user-tuned difficulty parameters
(standardized task).

Standard Standard —

Patch Reassembly Grid size gs, number of patches np. gs = (6, 6),
np = 5

gs = (8, 8),
np = 6

—

Referring
Dot-Pointing

No user-tuned difficulty parameters
(standardized task).

Standard Standard RefCOCO
Kazemzadeh
et al. (2014)

Sliding Block Number of shuffle moves sm. sm = 30 sm = 90 —

Video Unshuffle Number of frames nf, sampling strategy ss,
minimum frame-diff threshold mfd.

nf = 4 nf = 5 SS2Goyal et al.
(2017)

Zoom-In Puzzle Zoom gap zg, zoom variability zs, mini-
mum zoom mz, num. of views zv, nested
crop nest.

zv = 4 zv = 5 LLaVA Liu
et al. (2023)
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Table 4. Example clusters discovered by StringSight.

Cluster Description

MuJoCo Fetch (Pick-and-Place)
• The model issues repetitive movement commands without adapting based on task progress or environment

feedback, resulting in oscillatory behaviors like moving up and down, left and right, or in a single direction with
no meaningful progress toward grasping or placing the cube. For example, it may move forward repeatedly
even after overshooting the target or oscillate without ever attempting a grasp.

• Ignores visual feedback from images and does not adjust its actions in response to clear cues about the state or
position of the cube, gripper, or target marker. This results in the model issuing irrelevant or counterproductive
actions, such as continuing to move when the cube has not been grasped.

• Issues the “stop” command prematurely before the end-effector is even close to the target marker, ending the
task early without justification or clear success criteria.

Mental Rotation 3D (Cube)
• The model repeatedly issues the same rotation action, often on a single axis, for many steps without adapting

based on visual feedback, resulting in rigid loops or unbroken patterns.
• The model oscillates between a small set of orientations, alternating or repeating similar rotations (e.g., +45◦,

−45◦), causing the object to cycle endlessly without making progress toward the target alignment.

Zoom-In Puzzle
• The model finalizes the arrangement immediately without performing any swaps, reordering, or verification,

accepting the initial sequence as correct regardless of its accuracy. For example, it issues a “stop” command on
the first step even if the order is incorrect.

Matchstick Rotation
• The model issues fixed or monotonically decreasing movement and rotation magnitudes without attempting

to estimate the unknown scale or using exploratory actions to resolve scale ambiguity, proceeding as if the
appropriate step size is already known.

• Action sequences do not adapt based on feedback or observed outcomes; the model follows a predetermined or
repetitive strategy without checking if moves are effective or responding to evidence from the environment.

Maze 2D
• The model repeatedly issues the same invalid movement commands, such as trying to move into walls, even

after receiving explicit feedback that these actions are not possible. For example, it continues to try moving left
into a wall after being told each time that the move is blocked.

• Does not build, update, or use any internal map or memory of previous moves or environmental feedback,
resulting in repeated visits to the same locations, blocked paths, and inefficient looping navigation.

Maze 3D
• Movement decisions are based exclusively on immediate sensory feedback, without building or referencing

internal memory or a map of previously explored locations, leading to repeated wall collisions, revisiting dead
ends, and inefficient navigation.

• Frequently issues long sequences of consecutive turning actions—such as alternating left and right—without
forwardmovement or meaningful progress toward the goal, resulting in wasted steps and inefficient pathfinding.

13. Analyzing Model Failures

We run StringSight Dunlap et al. (2025); Lisa Dunlap et al. (2025), a pipeline for automatically uncovering
failure cases and comparing models. It uses a VLM annotator (GPT-4.1) to extract behaviors from each
trace (e.g., “uses move(1,1) for all 20 steps”) and clusters these behaviors into higher-level patterns (e.g.,
“repeats the same action”). Examples of discovered cluster descriptions are shown in Table 4. We then
manually examine the top failure cases for each task and identify four common failure modes across all tasks.

(1) Restricted action space and action looping: models often rely on a single repeated operation or fixed-magnitude

action, such as continually moving in the same direction in Fetch Pick & Place, using “swap” in Jigsaw instead
of “reorder”, or rotating by the same angle in Mental Rotation 3D and Match Rotation rather than converging
to an optimal magnitude.

(2) State mismanagement: models fail to maintain or update internal state across steps. They ignore textual or
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System Prompt: Labeling failure modes in traces

You are an expert model behavior analyst. Your task is to meticulously analyze the trace of a large
language model to identify whether it contains any of the following behaviors:

• Restricted action space and action looping: The model keeps repeating the same or nearly identical
action without making progress. Look for consecutive turns with the same command or sequence of
commands, movements by the same amount, or the same tool being used even when it is ineffective.

• State mismanagement: The model forgets or ignores what it already learned in earlier steps. It may
revisit old states, contradict past reasoning, or repeat mistakes it was corrected for (e.g. being told
it hit a wall and then continuing to move forward in the same direction). Do not include if this is
simply action looping, where the model is repeating the same action without making progress; this is
specifically when the model is ignoring feedback or not adjusting its behavior based on its previous
actions, but is still issuing different commands.

• Early termination: The model stops too early. Early means terminating before the maximum
number of steps is reached.

• Failure to use visual or spatial information: The model ignores visible or spatial cues. This
applies to traces where either an image or ASCII art is provided, and the model does not react to
changes in the scene. For example, if the object leaves the frame, but the model continues to move
towards it. Look for actions that contradict what’s visually or spatially clear. Do not include if the
model is simply action looping, where the model is repeating the same action without making
progress; this is specifically when the model is not utilizing the visual information when it is avail-
able. If the trace does not provide visual information (either images orASCII), do not include this label.

If the trace contains any of the behaviors, return a list of objects with the following structure. If a trace
has more than one behavior, return a list of objects with the structure below for each behavior. It the
trace contains none of the behaviors, return an empty list.
JSON Output Structure

[

{

"property_description": which behavior is present in the trace,

"reason": an explanation of the exact behaviors in the trace

that fall under the property_description (1-2 sentences),

"evidence": "What exactly in the trace exhibits this property?

Include quotes/tool calls/actions when possible."

}

]

environmental feedback, revisit previously explored areas, or repeat illegal actions despite prior errors—for
example, continuing to move into a wall after being told they have collided, or repeating invalid moves in the
Match Equation, Sliding Block, and Toy Maze 2D tasks.

(3) Early termination: the model terminates the episode before the maximum steps, despite not reaching the

goal.

(4) Failure to use visual or spatial information: models ignore the visual information provided, such as the

target leaving the frame or the item being successfully aligned (e.g., Mental Rotation).

Finally, we quantify the prevalence of each failure mode by having a VLM annotator (GPT-4.1) label each
trace for these behaviors (a trace may exhibit multiple behaviors).
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Frequency of failures. Figure 14 shows the proportion of traces
that contain each failure. We see that action looping is very com-
mon, occurring inmore than 60%of traces, followed in frequency
by early termination, state mismanagement, and failure to use vi-
sual or spatial information. Looking at how the frequency of the
behaviors changes compared across tasks, we see in Figure 15 (b)
that certain tasks, like Matchstick Equation and Sliding Block,
result in a particularly large amount of action repetition and
state mismanagement failures, likely due to the difficulty of the
task and the frequency of invalid moves. We additionally see
that tasks like the Maze task, which provide clear visual signals
of task progress, have a very high (up to 70%) rate of ignoring this important visual information and high
action repetition. Based on this information, we see that often when a model is uncertain, it defaults to
repeating its previous moves, regardless of the visual or language feedback it is given from previous turns.
This is further supported in Figure 15 (a), which shows that weaker models like UI TARS 1.5 7B have very
high rates of action looping (87%) and state mismanagement (35%).
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Figure 15. Detailed Analysis of Failure Patterns by Model and Task.

We additionally find interesting cases of early termination, such as giving up on the task entirely, where the
model says things like “I give up.” and “I’m stopping. This is unsolvable”. These specific instances of giving
up happen much more often for hard tasks like Matchstick Equation, indicating that the models’ limited task
comprehension leads them to question whether a solution exists in the current instance. We also see this
phenomenon occur more often in Gemini and Gemma models, which we suspect is because these models are
chattier and more anthropomorphic and thus may express their internal reasoning more often than others.

13.1. Failure changes per ablation

To examine the effects of our ablations on model behavior, we run the failure labeling pipeline above on the
ablations described in Section 4 and show the comparison in Figure 16. We find the following:

Different amounts of chat history (Figure 16a): As more history is given, the model is less likely to repeat
immediate actions, but still suffers from state mismanagement. We suspect the decreased action looping
occurs because the model has a default action (e.g., moving left), so with no history, it continues to repeat this
move. With history, it is less likely to immediately repeat prior actions, but after a certain amount of context,
the model struggles to manage earlier state and reverts to its default behavior. This is reflected by action
looping decreasing when full history is given, consistent with decreased performance under full history.

Feedback vs. no feedback (Figure 16b): When no feedback is provided, the model is less likely to terminate.
Inspecting these traces shows that this is largely due to a reduction in “giving up,” since the model often gives
up when told its moves are invalid. We also observe decreases in action looping and state mismanagement,
which is surprising given that overall performance decreases without feedback. This suggests the presence
of additional failure modes not captured by our taxonomy, which we leave for future work.

Ground truth state given at the beginning (Figure 16c): When given the ground truth state at the start of the
task, the model is less likely to “guess” or give up early, reflected in lower rates of action looping and early
termination.
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Figure 16. Failure-pattern frequency under different information settings. Due to cost, images were only analyzed
in the original split, thus the “failure to use visual or spatial information” case is removed in all but the text vs image
representation ablation (d).

Image vs. text representation (Figure 16d): For tasks aside from Matchstick Equation, models process visual
information more effectively when it is presented as text rather than an image. The large reduction in action
looping suggests that this text-based representation provides clearer guidance for selecting actions.

13.2. Failure Trajectories Visualization

Using StringSight, we visualize the trajectory for each failure type. In each trajectory, we show the prompt,
the image, the models’ raw output, and the action parsed from the raw output. We also show the output
from StringSight for each trajectory, tagged “Reason” and “Evidence” at the top, where “Reason” stands for
StringSight’s reason for classifying this trajectory into a specific failure category, and “Evidence” stands for
the evidence in the trajectory that leads to the conclusion.

(1) Restricted action space and action looping: As in Sec. F.2.1, we show a case of action looping of GPT-5 on

the Jigsaw task. The model repeatedly takes the same action “(“swap”, (0, 0), (0, 1))”, resulting in looping
behaviors without making any progress.

(2) State mismanagement: As in Sec. F.2.2, we show a case of Claude Sonnet 4 on Maze 2D. In Observation 7,

the model takes action “(“move”, 2)”, which leads to the environment feedback “Cannot move into a wall.”
However, at Observation 16, the model is in the exact same state, disregards the previous feedback, and takes
the same action “(“move”, 2)” again.

(3) Early termination: We show in Sec. F.2.3 a case of Gemma 3 27B Instruct on Matchstick Equation, where

the model decides to give up and terminate at step 13, while the model is allowed to take 30 steps in total.

(4) Failure to use visual or spatial information: As in Sec. F.2.4, we show a case of Gemini 2.5 Pro on Mental

Rotation 3D (Cube). In the last three steps, after rotating in the wrong direction, the model does not take the
visual information into account and continues to rotate in the same direction, which moves the object even
farther away from the target position.

14. Additional Performance Analysis

Difficulty of Each Task. In Fig. 17, we compute the average accuracy across models for each task and sort
tasks from easiest to hardest based on these averages. In general, we found that Referring Dot-Pointing and
Counting are the easiest, with models achieving over 20% accuracy on average, whereas Mental Rotation 3D
(Cube), Patch Reassembly, and Mental Rotation 3D (Objaverse) are the hardest with an accuracy around
1%. Sliding Block, Maze 3D, Fetch Pick-Place, and Video Unshuffle also pose significant challenges for the
models, with less than 5% on average. This suggests that tasks requiring memory and long-horizon planning,
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Figure 17. Average success rate across frontier models on each task. The easiest tasks are Referring Dot-Pointing, and
Counting, with over 20% accuracy on average across all models, while the hardest tasks are Mental Rotation 3D (Cube),
Patch Reassembly, and Mental Rotation, with the average accuracy less than 2% on average.

or strong 3D spatial understanding, remain the most difficult for current models.

Number of Steps. In Fig. 18, we calculate the number of steps taken on all trajectories for each model and
calculate the number of correct trajectories (green) and the number of incorrect trajectories (red). There is
a clear cutoff on steps 20 (maximum steps allowed for Easy setting) and 30 (maximum steps allowed for
Hard setting), indicating that all models tend to reach the maximum number of steps. We also observed a
“U-shaped" trend over the steps for all models, where they tend to either terminate early or continue until the
final step.
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Figure 18. The Number of Steps each Model Takes Over all Tasks. We calculate the number of steps over all trajectories
for each model and visualize the correct trajectories (green) and the incorrect trajectories (red).
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Figure 19. Easy→ Hard Performance Drop. For each task, we calculate
the average accuracy on Easy and Hard, respectively, over all models,
and then visualize the performance drop between Easy and Hard.

Easy toHardPerformanceDrop. In Fig. 19,
we calculate the average accuracy in Easy
and Hard, respectively, on all models, and
then visualize the performance gap be-
tween easy and hard on each task. The
biggest Easy to Hard performance drops
occur on Counting and Jigsaw. For Count-
ing, accuracy drops sharply as the num-
ber of objects increases. For Jigsaw, per-
formance drops to near zero as the puz-
zle changes from 2x2 to 3x3, suggesting
that this task can be further scaled to even
more difficult n×n configurations. For
some tasks (e.g., Patch Reassembly, Slid-
ing Block, Video Unshuffle), the absolute
gap is smaller, likely because Easy perfor-
mance is already very low (≈0). These
tasks are also naturally scalable in terms
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Figure 20. Model Rankings Per Task. We rank all the models on each task and show the ranking in the table.

of difficulty. For example, increasing the number of patches for Patch Reassembly, the number of blocks
for Sliding Block, or the number of frames for Video Unshuffle. As VLMs improve and begin to reliably
solve the Easy settings, we expect to see larger easy-to-hard gaps on these tasks, and that our gym can be
correspondingly scaled to provide harder task variants.

Model Rankings. In Fig. 20, we plot each model’s ranking on every task. Whenmultiple models tie on a task,
we assign them the worse (higher) numerical rank. For example, if two models are tied for the best score,
we label both as rank 2, so that ties do not overstate how clearly a model is separated from others. While
these mostly align with the global leaderboard, they also reveal clear task-specific strengths and weaknesses.
For example, on specialization, Qwen2.5 VL 72B Instruct performs well on Counting (rank 2), Gemma 3
27B Instruct performs well on Maze 3D (rank 3), and Qwen3 VL 235B Instruct performs well on Referring
Dot-Pointing. On weakness, despite strong average performance, GPT-5 performs poorly on Video Unshuffle
and Maze 3D, while Gemini 2.5 Pro performs poorly on Jigsaw (Hard) and Patch Reassembly.
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F.2.1 Sample trajectory for “Action Looping" (GPT-5) (back to Sec. F.2)

Reason
� �
The model repeatedly issues the same swap command between the same two pieces without making any

progress towards solving the puzzle, as evidenced by identical actions over multiple consecutive steps.
� �

Evidence
� �
"(’swap’, ((0, 0), (0, 1)))" is issued in steps 1, 2, 3, 4, 5, and 6, with no change in strategy or

progress.
� �

Instruction I
� �
You are solving a 2x2 jigsaw puzzle. The puzzle pieces are currently scrambled. Your goal is to

rearrange the pieces to recover the image.

Available actions:

1. ’swap’: Swap two pieces by specifying their coordinates. Format: ‘(’swap’, ((row1, col1), (row2, col2

)))‘ where coordinates start from (0,0) at the top-left corner.

2. ’reorder’: Reorder all pieces at once. Format: ‘(’reorder’, [0, 1, 2, ..., 3])‘ where the list

represents the desired order of pieces from top-left to bottom-right.

3. ’stop’: End the puzzle solving session. Format: ‘(’stop’, ’stop’)‘

Please respond with exactly one action and its arguments in the specified format. For example:

- To swap two pieces: ‘(’swap’, ((0, 0), (1, 1)))‘

- To reorder all pieces: ‘(’reorder’, [0, 1, 2, ..., 3])‘

- To stop: ‘(’stop’, ’stop’)‘

Index-to-cell mapping (0-based rows/cols):

- Index = row * 2 + col.

- Row 0 covers indices 0..1, row 1 covers 2..3, etc.

Example for 2x2: (0,0)->0, (0,1)->1, (1,0)->2, (1,1)->3.

This is step 1. You are allowed to take 19 more steps.
� �

Observation o0

Action a1:
� �
(’swap’, ((0, 0), (0, 1)))

� �

VLM Raw Output:
� �
(’swap’, ((0, 0), (0, 1)))

� �
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Observation o1 Feedback f1
� �
This is step 2. You are allowed to take 18 more

steps.
� �

Action a2:
� �
(’swap’, ((0, 0), (0, 1)))

� �

VLM Raw Output:
� �
(’swap’, ((0, 0), (0, 1)))

� �

Observation o2 Feedback f2
� �
This is step 3. You are allowed to take 17 more

steps.
� �

Action a3:
� �
(’swap’, ((0, 0), (0, 1)))

� �

VLM Raw Output:
� �
(’swap’, ((0, 0), (0, 1)))

� �

Observation o3 Feedback f3
� �
This is step 4. You are allowed to take 16 more

steps.
� �

Action a4:
� �
(’swap’, ((0, 0), (0, 1)))

� �

VLM Raw Output:
� �
(’swap’, ((0, 0), (0, 1)))

� �

Observation o4 Feedback f4
� �
This is step 5. You are allowed to take 15 more

steps.
� �

Action a5:
� �
(’swap’, ((0, 0), (0, 1)))

� �

VLM Raw Output:
� �
(’swap’, ((0, 0), (0, 1)))

� �
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Observation o5 Feedback f5
� �
This is step 6. You are allowed to take 14 more

steps.
� �

Action a6:
� �
(’swap’, ((0, 0), (0, 1)))

� �

VLM Raw Output:
� �
(’swap’, ((0, 0), (0, 1)))

� �

Observation o6 Feedback f6
� �
This is step 7. You are allowed to take 13 more

steps.
� �

Action a7:
� �
(’stop’, ’stop’)

� �

VLM Raw Output:
� �
(’stop’, ’stop’)

� �
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F.2.2 Sample trajectory for “State Mismanagement" (Claude Sonnet 4) (back to Sec. F.2)

Reason
� �
The model revisits previously blocked directions and fails to remember which moves have already been

proven impossible, leading to repeated failed actions instead of seeking new routes.
� �

Evidence
� �
After being told ’Cannot move into a wall.’ for left and up, the model continues to try those directions

in subsequent steps, e.g., after failing to move left at step 9, it tries left again at steps 11, 13,

and 17; after failing to move up at step 10, it tries up again at steps 15, 16, and 18.
� �

Instruction I
� �
You are navigating a 9x9 maze. The maze consists of walls (gray) and paths (white). You are represented

by a blue circle, and your goal is to reach the red target square.

Available actions:

1. ’move’: Move in one of four directions. Format: ‘(’move’, direction)‘ where direction is an integer:

- 0=right, 1=up, 2=left, 3=down

2. ’stop’: End the navigation session. Format: ‘(’stop’, ’stop’)‘

Success: You succeed if you reach the red target square.

Please respond with exactly one action and its arguments in the specified format. For example:

- To move right: ‘(’move’, 0)‘

- To move up: ‘(’move’, 1)‘

- To move left: ‘(’move’, 2)‘

- To move down: ‘(’move’, 3)‘

- To stop: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 19 more steps.
� �

Observation o0

Action a1:
� �
(’move’, 2)

� �

VLM Raw Output:
� �
I need to analyze the maze to find a path from my current position (blue circle) to the red target

square.

Looking at the maze, I can see:

- I’m currently positioned in the bottom right area (blue circle)

- The red target is in the top left corner

- There are gray walls and white paths

- I need to navigate through the available white paths

From my current position, I can see there’s a white path that I can move through. Let me start by moving

left to begin navigating toward the target.

‘(’move’, 2)‘
� �
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Observation o1 Feedback f1
� �
Environment feedback: Cannot move into a wall.

This is step 2. You are allowed to take 18 more

steps.
� �

Action a2:
� �
(’move’, 1)

� �

VLM Raw Output:
� �
I see that I cannot move left from my current position because there’s a wall there. Let me reassess my

surroundings.

Looking at my current position (blue circle), I need to find which directions have white paths available.

From what I can see, I should try moving up to find an available path.

‘(’move’, 1)‘
� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully.

This is step 3. You are allowed to take 17 more

steps.
� �

Action a3:
� �
(’move’, 1)

� �

VLM Raw Output:
� �
Good! I successfully moved up. Now I can see I’m in a vertical white path. Looking at the maze structure

, I need to continue moving up to find a way to navigate toward the red target in the top left corner.

‘(’move’, 1)‘
� �

Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully.

This is step 4. You are allowed to take 16 more

steps.
� �

Action a4:
� �
(’move’, 1)

� �

VLM Raw Output:
� �
Great! I’ve moved up again and I’m continuing along the white path. I can see that I’m in a vertical

corridor on the right side of the maze. I need to keep moving up to find a horizontal path that will

allow me to move toward the left side where the red target is located.

‘(’move’, 1)‘
� �
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Observation o4 Feedback f4
� �
Environment feedback: Action executed

successfully.

This is step 5. You are allowed to take 15 more

steps.
� �

Action a5:
� �
(’move’, 1)

� �

VLM Raw Output:
� �
Excellent! I’ve moved up again and I’m getting closer to the top of the maze. I can see that I’m still

in the vertical white path on the right side. I need to continue moving up to reach a point where I can

turn left and start moving toward the red target in the top left corner.

‘(’move’, 1)‘
� �

Observation o5 Feedback f5
� �
Environment feedback: Action executed

successfully.

This is step 6. You are allowed to take 14 more

steps.
� �

Action a6:
� �
(’move’, 2)

� �

VLM Raw Output:
� �
Perfect! I’ve moved up again and I can see that I’m now at a position where there appears to be a

horizontal white path available to my left. This should allow me to start moving toward the red target.

Let me try moving left now.

‘(’move’, 2)‘
� �

Observation o6 Feedback f6
� �
Environment feedback: Action executed

successfully.

This is step 7. You are allowed to take 13 more

steps.
� �

Action a7:
� �
(’move’, 2)

� �

VLM Raw Output:
� �
Great! I successfully moved left and I’m now in a horizontal white path. I can see I’m making progress

toward the left side of the maze where the red target is located. I should continue moving left to get

closer to the target.

‘(’move’, 2)‘
� �
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Observation o7 Feedback f7
� �
Environment feedback: Action executed

successfully.

This is step 8. You are allowed to take 12 more

steps.
� �

Action a8:
� �
(’move’, 2)

� �

VLM Raw Output:
� �
Excellent! I’ve moved left again and I’m getting closer to the left side of the maze. I can see that I’m

still in a white path. Looking at the maze structure, I need to continue navigating to reach the red

target in the top left corner. Let me try moving left again to continue in this direction.

‘(’move’, 2)‘
� �

Observation o8 Feedback f8
� �
Environment feedback: Cannot move into a wall.

This is step 9. You are allowed to take 11 more

steps.
� �

Action a9:
� �
(’move’, 1)

� �

VLM Raw Output:
� �
I see that I can’t move left anymore because there’s a wall blocking that direction. Looking at my

current position, I need to find another route. Since I can’t go left, let me try moving up to see if

there’s a path that will eventually lead me to the red target.

‘(’move’, 1)‘
� �

Observation o9 Feedback f9
� �
Environment feedback: Cannot move into a wall.

This is step 10. You are allowed to take 10 more

steps.
� �

Action a10:
� �
(’move’, 3)

� �

VLM Raw Output:
� �
I can’t move up either because there’s a wall there. Let me try moving down to see if there’s an

alternative path that will allow me to navigate around this obstacle and find another route to the red

target.

‘(’move’, 3)‘
� �
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Observation o10 Feedback f10
� �
Environment feedback: Action executed

successfully.

This is step 11. You are allowed to take 9 more

steps.
� �

Action a11:
� �
(’move’, 2)

� �

VLM Raw Output:
� �
Good! I successfully moved down. Now I’m in a different position and I need to find a way to continue

toward the red target. Looking at the maze structure, I should try moving left again to see if there’s

now a path available in that direction.

‘(’move’, 2)‘
� �

Observation o11 Feedback f11
� �
Environment feedback: Cannot move into a wall.

This is step 12. You are allowed to take 8 more

steps.
� �

Action a12:
� �
(’move’, 3)

� �

VLM Raw Output:
� �
I can’t move left from this position either. Let me try moving down again to continue exploring the

available paths and find a route that will eventually lead me to the red target.

‘(’move’, 3)‘
� �

Observation o12 Feedback f12
� �
Environment feedback: Action executed

successfully.

This is step 13. You are allowed to take 7 more

steps.
� �

Action a13:
� �
(’move’, 2)

� �

VLM Raw Output:
� �
Good! I moved down successfully. Now I’m in a lower position in the maze. Let me try moving left from

this new position to see if I can find a path that leads toward the red target.

‘(’move’, 2)‘
� �
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Observation o13 Feedback f13
� �
Environment feedback: Cannot move into a wall.

This is step 14. You are allowed to take 6 more

steps.
� �

Action a14:
� �
(’move’, 3)

� �

VLM Raw Output:
� �
I can’t move left from here either. Let me continue moving down to explore more of the maze and find an

alternative path to the red target.

‘(’move’, 3)‘
� �

Observation o14 Feedback f14
� �
Environment feedback: Cannot move into a wall.

This is step 15. You are allowed to take 5 more

steps.
� �

Action a15:
� �
(’move’, 1)

� �

VLM Raw Output:
� �
I can’t move down anymore because there’s a wall. Let me try moving up to go back and explore a

different route.

‘(’move’, 1)‘
� �

Observation o15 Feedback f15
� �
Environment feedback: Action executed

successfully.

This is step 16. You are allowed to take 4 more

steps.
� �

Action a16:
� �
(’move’, 1)

� �

VLM Raw Output:
� �
Good! I moved up successfully. Now I’m back to a previous position. Let me try moving up again to

continue exploring and find a path that will lead me toward the red target.

‘(’move’, 1)‘
� �
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Observation o16 Feedback f16
� �
Environment feedback: Action executed

successfully.

This is step 17. You are allowed to take 3 more

steps.
� �

Action a17:
� �
(’move’, 2)

� �

VLM Raw Output:
� �
Good! I’m back to this position. I’m running low on steps (only 3 left), so I need to think carefully.

From what I can see of the maze structure, let me try moving left again to see if I can find a path that

leads to the red target.

‘(’move’, 2)‘
� �

Observation o17 Feedback f17
� �
Environment feedback: Cannot move into a wall.

This is step 18. You are allowed to take 2 more

steps.
� �

Action a18:
� �
(’move’, 1)

� �

VLM Raw Output:
� �
I’m running out of steps and haven’t found a clear path to the red target yet. Looking at the maze

structure, I need to find a way to get to the left side. Let me try moving up to see if there’s a path

at a higher level that I might have missed.

‘(’move’, 1)‘
� �

Observation o18 Feedback f18
� �
Environment feedback: Cannot move into a wall.

This is step 19. You are allowed to take 1 more

steps.
� �

Action a19:
� �
(’move’, 3)

� �

VLM Raw Output:
� �
I’m down to my last step and haven’t found a successful path to the red target. Looking at my options, I

can only move down from this position since all other directions are blocked by walls. Let me use my

final move.

‘(’move’, 3)‘
� �
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Observation o19 Feedback f19
� �
Environment feedback: Action executed

successfully.

This is step 20. You are allowed to take 0 more

steps.
� �

Action a20:
� �
(’stop’, ’stop’)

� �

VLM Raw Output:
� �
I’ve used all my available steps and was not able to reach the red target square. The maze appears to be

more complex than I initially assessed, and I may have gotten trapped in a section without a clear path

to the target. I should stop now since I have no more moves remaining.

‘(’stop’, ’stop’)‘
� �
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F.2.3 Sample trajectory for “Early Termination" (Gemma3 27B) (back to Sec. F.2)

Reason
� �
After a long sequence of failed moves, the model explicitly gives up and submits the equation as final,

stating ’I give up.’
� �

Evidence
� �
"Twelve illegal moves. I give up. I suspect the segment definitions or move validation is broken. I will

submit a nonsense move. \n\n(’stop’, ’stop’)"
� �

Instruction I
� �
You see a broken matchstick equation.

Your goal is to fix the equation by moving ONE match per action.

You see an image of the equation.

Symbols are indexed 0..N-1 from left to right (N = number of symbols).

Available actions:

1. ’move’: Remove one match from segment ’src_seg’ of symbol at ’src_idx’, then add it to segment ’

dst_seg’ of symbol at ’dst_idx’. Format: ‘(’move’, [src_idx, src_seg, dst_idx, dst_seg])‘ where:

- src_idx, dst_idx ∈ [0, N-1], with src_idx ̸= dst_idx

- src_seg, dst_seg ∈ matchstick_puzzles.TOTAL (e.g., {0..12})

- The move must result in valid symbols at BOTH positions.

2. ’undo’: Revert the last move (if any). Format: ‘(’undo’, ’undo’)‘

3. ’stop’: Submit your current equation as final. Format: ‘(’stop’, ’stop’)‘

Success: The submitted equation must be mathematically correct (evaluated as lhs == rhs).

Segment legend (indices depend on symbol):

0..6 : 7-seg digits (a,b,c,d,e,f,g), 6 is also the horizontal stroke used by ’+’

7 : plus vertical stroke (used by ’+’)

8 : the multiply sign that goes from top left to bottom right

9 : the multiply sign that goes from top right to bottom left

11,12: equals upper/lower bars (used by ’=’)

A segment is valid for a symbol only if the resulting set of segments maps to a known glyph.

Please respond with exactly one action and its arguments in the specified format. For example:

- To move a match: ‘(’move’, [0, 6, 2, 0])‘

- To undo: ‘(’undo’, ’undo’)‘

- To stop: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 29 more steps.
� �

Observation o0

Action a1:
� �
(’move’, [0, 0, 2, 0])

� �

VLM Raw Output:
� �
The given equation is visually represented as:

‘‘‘

0 1 + 2 3 = 4 5 6 7

‘‘‘

The equation seems to be aiming for a simple addition. Looking at the digits, it might currently be

something like "01 + 23 = 4567", which is clearly incorrect. A feasible starting point is to try to

make this equation "1 + 1 = 2".

Let’s move a match to change ’0’ to ’1’, and ’2’ to ’1’.

‘‘‘

(’move’, [0, 0, 2, 0])

‘‘‘
� �
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Observation o1 Feedback f1
� �
Environment feedback: Illegal move.

This is step 2. You are allowed to take 28 more

steps.
� �

Action a2:
� �
(’move’, [4, 0, 0, 0])

� �

VLM Raw Output:
� �
Okay, the previous move was illegal. Let’s rethink the approach. The current equation appears to be

something like 01 + 23 = 4567. A simple correction could be to transform it into 1 + 1 = 2, or 1 + 0 = 1.

Let’s try to get 1 + 1 = 2 first.

We need to change the zero in ’0’ to ’1’. We can accomplish this by moving one match from ’4’ (which

currently looks like a 4) to the ’0’ (making it ’1’).

‘‘‘

(’move’, [4, 0, 0, 0])

‘‘‘
� �

Observation o2 Feedback f2
� �
Environment feedback: Illegal move.

This is step 3. You are allowed to take 27 more

steps.
� �

Action a3:
� �
(’move’, [1, 0, 2, 0])

� �

VLM Raw Output:
� �
Okay, two illegal moves in a row. Let’s analyze the situation carefully. We want to transform the

initial state into a valid equation. The current symbols are messy. Let’s try to get something like 1 +

0 = 1.

I will try moving a match from ’1’ (currently looking like a ’1’) to ’2’ making it a ’0’. Then, I’ll

move a match from ’3’ to ’0’ to create a ’1’.

‘‘‘

(’move’, [1, 0, 2, 0])

‘‘‘
� �
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Observation o3 Feedback f3
� �
Environment feedback: Illegal move.

This is step 4. You are allowed to take 26 more

steps.
� �

Action a4:
� �
(’move’, [1, 0, 0, 0])

� �

VLM Raw Output:
� �
Okay, three illegal moves. This is getting frustrating. Let’s take a step back. Instead of focusing on

1+0=1, let’s try to make something simpler, like 0 + 0 = 0.

I will move a match from ’1’ to ’0’ to make it ’0’.

‘‘‘

(’move’, [1, 0, 0, 0])

‘‘‘
� �

Observation o4 Feedback f4
� �
Environment feedback: Illegal move.

This is step 5. You are allowed to take 25 more

steps.
� �

Action a5:
� �
(’move’, [0, 0, 1, 0])

� �

VLM Raw Output:
� �
Alright, four illegal moves. It appears I’m consistently misjudging valid moves based on the visual

representation. Let’s try a different strategy. Let’s attempt to make the equation 1 + 1 = 2.

I will move a match from ’0’ (currently looking like a zero) to ’1’ (currently looking like a one) to

make it a ’1’.

‘‘‘

(’move’, [0, 0, 1, 0])

‘‘‘
� �

Observation o5 Feedback f5
� �
Environment feedback: Illegal move.

This is step 6. You are allowed to take 24 more

steps.
� �

Action a6:
� �
(’move’, [6, 0, 7, 0])

� �

VLM Raw Output:
� �
Five illegal moves! Okay, I’m clearly having trouble visualizing the valid moves. I need to be more

conservative. Let’s try to change the equals sign to a plus sign.

I will move a match from ’6’ (the horizontal bar of the equals sign) to ’7’ (the vertical bar of the

equals sign).

‘‘‘
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(’move’, [6, 0, 7, 0])

‘‘‘
� �

Observation o6 Feedback f6
� �
Environment feedback: Illegal move.

This is step 7. You are allowed to take 23 more

steps.
� �

Action a7:
� �
(’undo’, ’undo’)

� �

VLM Raw Output:
� �
Six illegal moves... This is incredibly frustrating. I’m clearly not understanding how the move

validation works. I will attempt to undo the last move.

‘‘‘

(’undo’, ’undo’)

‘‘‘
� �

Observation o7 Feedback f7
� �
Environment feedback: Nothing to undo.

This is step 8. You are allowed to take 22 more

steps.
� �

Action a8:
� �
(’move’, [0, 0, 4, 0])

� �

VLM Raw Output:
� �
Okay, no moves to undo. Let’s try to make ’4’ into ’5’. I will attempt to move a match from ’0’ to ’4’.

‘‘‘

(’move’, [0, 0, 4, 0])

‘‘‘
� �
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Observation o8 Feedback f8
� �
Environment feedback: Illegal move.

This is step 9. You are allowed to take 21 more

steps.
� �

Action a9:
� �
(’move’, [1, 0, 0, 0])

� �

VLM Raw Output:
� �
Eight illegal moves... This is getting ridiculous. I suspect there’s a hidden constraint or a

misunderstanding of the segment labeling. Let’s try a very simple move to see if *anything* works. I

will move a match from ’1’ to ’0’.

‘‘‘

(’move’, [1, 0, 0, 0])

‘‘‘
� �

Observation o9 Feedback f9
� �
Environment feedback: Illegal move.

This is step 10. You are allowed to take 20 more

steps.
� �

Action a10:
� �
(’move’, [2, 0, 5, 0])

� �

VLM Raw Output:
� �
Nine illegal moves. I am at a complete loss. Since every attempt is failing, I’m going to try a

completely random move to see if the system provides any clue about what’s going wrong.

‘‘‘

(’move’, [2, 0, 5, 0])

‘‘‘
� �

Observation o10 Feedback f10
� �
Environment feedback: Illegal move.

This is step 11. You are allowed to take 19 more

steps.
� �

Action a11:
� �
(’undo’, ’undo’)

� �

VLM Raw Output:
� �
Ten illegal moves. This is clearly not working. I suspect the problem lies in the segment definitions

and my inability to map them correctly to the visual representation. I will try undoing the last move,

although there is no history.

‘‘‘

(’undo’, ’undo’)

‘‘‘
� �
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Observation o11 Feedback f11
� �
Environment feedback: Nothing to undo.

This is step 12. You are allowed to take 18 more

steps.
� �

Action a12:
� �
(’move’, [3, 0, 6, 0])

� �

VLM Raw Output:
� �
Eleven illegal moves and no undo history. This is extremely frustrating. I’m going to just try moving a

match from a seemingly arbitrary location to another.

‘‘‘

(’move’, [3, 0, 6, 0])

‘‘‘
� �

Observation o12 Feedback f12
� �
Environment feedback: Illegal move.

This is step 13. You are allowed to take 17 more

steps.
� �

Action a13:
� �
(’stop’, ’stop’)

� �

VLM Raw Output:
� �
Twelve illegal moves. I give up. I suspect the segment definitions or move validation is broken. I will

submit a nonsense move.

‘‘‘

(’stop’, ’stop’)

‘‘‘
� �
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F.2.4 Sample trajectory for “Visual/Spatial Perception" (Gemini 2.5 Pro) (back to Sec.
F.2)

Reason
� �
The model frequently misjudges the effect of its rotations, such as applying large yaw or roll

corrections that result in the object being further from the target orientation, indicating it is not

fully utilizing the visual feedback provided after each step.
� �

Evidence
� �
After ’(’rotate’, [-45.0, 0.0, 0.0])’, the model observes the object is now vertical and then applies

’(’rotate’, [90.0, 0.0, 0.0])’, which overcorrects. Later, it issues ’(’rotate’, [-90.0, 0.0, 0.0])’ and

then again ’(’rotate’, [-90.0, -30.0, 0.0])’, showing it is not accurately interpreting the visual

state changes. The model also states, ’This is a mess,’ and attempts to ’reset and reconsider,’

indicating confusion about the spatial state.
� �

Instruction I
� �
You see two images side-by-side:

- Left: the original 3D object (target orientation)

- Right: the same object under an unknown rotation

Your goal is to rotate the right object back to the original target orientation.

Available actions:

1. ’rotate’: Rotate the 3D object by Euler angles. Format: ‘(’rotate’, [dyaw, dpitch, droll])‘ where

each of dyaw, dpitch, droll is in degrees between -180 and 180.

2. ’stop’: Submit your final rotation. Format: ‘(’stop’, ’stop’)‘

Success: You succeed if you end up within 10.0 degrees of target orientation.

Please respond with exactly one action and its arguments in the specified format. For example:

- To rotate in yaw: ‘(’rotate’, [15.0, 0.0, 0.0])‘

- To rotate in roll: ‘(’rotate’, [0.0, 0.0, -10.0])‘

- To submit: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 19 more steps.
� �

Observation o0

Action a1:
� �
(’rotate’, [0.0, 60.0, 0.0])

� �

VLM Raw Output:
� �
The user wants me to rotate the object on the right to match the orientation of the object on the left.

**Analysis of Target Object (Left):**

* The object is a chain of connected blocks forming a Z-like shape.

...

(trimmed by author for space)

**Analysis of Current Object (Right):**

* It’s the same object, but its orientation is different.

...

(trimmed by author for space)

**Plan:**
1. My first step will be to correct the most obvious distortion, which is the pitch. The object is

tilted away from the camera, making it look foreshortened.

...

(trimmed by author for space)

**Action:**
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I will apply a positive pitch of 60 degrees.

‘(’rotate’, [0.0, 60.0, 0.0])‘
� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully.

This is step 2. You are allowed to take 18 more

steps.
� �

Action a2:
� �
(’rotate’, [-45.0, 0.0, 0.0])

� �

VLM Raw Output:
� �
My previous action ‘(’rotate’, [0.0, 60.0, 0.0])‘ has brought the object into a mostly flat orientation,

viewed from above.

**Analysis of Current State:**

* **Target (Left):** The object is in a ’Z’ shape, with its main body oriented horizontally, but

slightly tilted. The bottom right leg extends to the right, and the top left leg extends to the left.

* **Current (Right):** The object is now flat, but it’s oriented diagonally from the top-left to the

bottom-right. It looks like a backward ’S’.

**Plan:**
1. The primary misalignment is now in the yaw axis. I need to rotate the object clockwise to make its

central axis more horizontal.

...

(trimmed by author for space)

**Action:**
‘(’rotate’, [-45.0, 0.0, 0.0])‘

� �
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Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully.

This is step 3. You are allowed to take 17 more

steps.
� �

Action a3:
� �
(’rotate’, [90.0, 0.0, 0.0])

� �

VLM Raw Output:
� �

**Analysis of Current State:**

* **Target (Left):** The object is in a horizontal ’Z’ configuration, viewed slightly from above. The

top faces are black, and the side faces have a triangular pattern.

* **Current (Right):** After my last rotation, the object is in a vertical ’S’ configuration. I wanted

to make it horizontal, but my yaw rotation made it more vertical. This means I rotated in the wrong

direction. The shape went from a top-left to bottom-right diagonal to a more vertical orientation. I

need to reverse this and go further in the opposite direction. I applied -45 yaw, so to undo it and

apply the correct rotation, I need to apply a positive yaw. A rotation of +90 degrees seems appropriate

to turn the vertical ’S’ into a horizontal ’Z’.

**Plan:**
1. The most significant remaining error is the yaw rotation. The object is oriented vertically instead

of horizontally.

...

(trimmed by author for space)

**Action:**
‘(’rotate’, [90.0, 0.0, 0.0])‘

� �

Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully.

This is step 4. You are allowed to take 16 more

steps.
� �

Action a4:
� �
(’rotate’, [0.0, 0.0, 180.0])

� �

VLM Raw Output:
� �

**Analysis of Current State:**

* **Target (Left):** A Z-like shape, viewed from above and slightly to the side. The top surfaces are

black.

* **Current (Right):** The object is now a sideways T-shape. The overall structure is rotated

incorrectly. It seems my large yaw rotation was an overcorrection. More importantly, the object seems

flipped. Notice how in the target, the zig-zag part forms a "Z", whereas the object I have been

manipulating has been forming an "S". This usually indicates a 180-degree roll error. The object is

upside down.

**Plan:**
1. The most critical error seems to be that the object is upside down, which makes it look like a

mirror image (’S’ instead of ’Z’) when viewed from above.

2. I will apply a 180-degree roll to flip the object over. This should correct the fundamental shape

from an ’S’ to a ’Z’.

3. After this correction, I will likely need to adjust the yaw and pitch again, but the basic shape

should then match the target.

**Action:**
‘(’rotate’, [0.0, 0.0, 180.0])‘

� �
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Observation o4 Feedback f4
� �
Environment feedback: Action executed

successfully.

This is step 5. You are allowed to take 15 more

steps.
� �

Action a5:
� �
(’rotate’, [-45.0, 0.0, 0.0])

� �

VLM Raw Output:
� �

**Analysis of Current State:**

* **Target (Left):** A Z-like shape, viewed from above, with its main axis roughly horizontal. The

bottom-right leg extends to the right, and the top-left leg extends to the left.

* **Current (Right):** The 180-degree roll was successful. The object now has the correct ’Z’

configuration. However, it’s oriented diagonally, from the top-left to the bottom-right. The top

surfaces are black, which is correct.

**Plan:**
1. The main remaining error is in the yaw axis. I need to rotate the object clockwise to make it

horizontal.

2. The current angle appears to be about 45 degrees off the horizontal.

3. I will apply a clockwise (negative) yaw of approximately 45 degrees. This should align the primary

axis of the object with the target.

**Action:**
‘(’rotate’, [-45.0, 0.0, 0.0])‘

� �

Observation o5 Feedback f5
� �
Environment feedback: Action executed

successfully.

This is step 6. You are allowed to take 14 more

steps.
� �

Action a6:
� �
(’rotate’, [35.0, -20.0, 0.0])

� �

VLM Raw Output:
� �

**Analysis of Current State:**

* **Target (Left):** A horizontal ’Z’ shape, viewed from above, showing the top black faces and the

side patterned faces. There’s a slight pitch, making us look down on it.

* **Current (Right):** My previous yaw rotation seems to have overshot. The object is now tilted the

other way, from top-right to bottom-left. It looks like a ’Z’ that needs to be rotated counter-clockwise.

Also, the side faces are not visible, only the black top faces. This indicates a pitch error. The

object is perfectly flat to the camera, while the target has some perspective.

**Plan:**
1. **Yaw Correction:** I rotated -45 degrees, which was an overcorrection from the previous state. I

need to rotate it back counter-clockwise (positive yaw). The previous state was at ~45 degrees, the

current state is at ~-45 degrees. To get to the target’s slightly-off-horizontal position (let’s say -10

degrees), I need to rotate by about 35 degrees counter-clockwise.

2. **Pitch Correction:** The target is viewed from slightly above. The current object is viewed from

directly above (orthographic-like view, only top faces visible). This means I need to pitch the object

down (negative pitch) slightly to reveal the side faces as seen in the target. I’ll estimate this at -20

degrees.

I will combine these two corrections into one action.

**Action:**
‘(’rotate’, [35.0, -20.0, 0.0])‘

� �
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Observation o6 Feedback f6
� �
Environment feedback: Action executed

successfully.

This is step 7. You are allowed to take 13 more

steps.
� �

Action a7:
� �
(’rotate’, [40.0, 0.0, 0.0])

� �

VLM Raw Output:
� �

**Analysis of Current State:**

* **Target (Left):** A horizontal ’Z’ shape, viewed from above.

* **Current (Right):** The object is now a ’Z’ shape, but it’s still oriented diagonally from top-

right to bottom-left. My previous yaw correction of +35 was not enough. The pitch correction seems to

have worked well, as the side faces are now visible, similar to the target.

**Plan:**
1. The primary remaining error is the yaw. It’s still rotated too much clockwise. I need to apply a

counter-clockwise (positive) yaw rotation.

2. The current angle is about -45 to -50 degrees from horizontal. The target is maybe -10 degrees from

horizontal. So I need to rotate it by about 35-40 degrees counter-clockwise. Let’s try another +40

degrees of yaw.

**Action:**
‘(’rotate’, [40.0, 0.0, 0.0])‘

� �

Observation o7 Feedback f7
� �
Environment feedback: Action executed

successfully.

This is step 8. You are allowed to take 12 more

steps.
� �

Action a8:
� �
(’rotate’, [-90.0, 0.0, 0.0])

� �

VLM Raw Output:
� �

**Analysis of Current State:**

* **Target (Left):** The object forms a ’Z’ that is mostly horizontal, tilted slightly down on the

right. We see the top black surfaces and the side patterned surfaces.

* **Current (Right):** My previous yaw correction overshot the target significantly. The object is now

oriented vertically. The overall ’Z’ shape is correct, as is the perspective (showing top and side

faces), but the rotation around the vertical (yaw) axis is wrong.

**Plan:**
1. The current object is vertical, while the target is horizontal. This represents approximately a 90-

degree difference in yaw.

2. To correct this, I need to rotate the object clockwise by about 90 degrees.

3. I will apply a negative yaw of 90 degrees.

**Action:**
‘(’rotate’, [-90.0, 0.0, 0.0])‘

� �
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Observation o8 Feedback f8
� �
Environment feedback: Action executed

successfully.

This is step 9. You are allowed to take 11 more

steps.
� �

Action a9:
� �
(’rotate’, [-90.0, -30.0, 0.0])

� �

VLM Raw Output:
� �

**Analysis of Current State:**

* **Target (Left):** A horizontal ’Z’ shape viewed from a slightly elevated position, showing both top

(black) and side (patterned) faces.

* **Current (Right):** The object is shaped like a chair or an ’h’. The main axis is vertical instead

of horizontal. This is a 90-degree yaw error. Additionally, the perspective looks off. We’re seeing it

almost perfectly top-down, without the slight angle that reveals the side faces, suggesting a pitch

error.

**Plan:**
1. **Yaw Correction:** The object is rotated 90 degrees counter-clockwise from the target orientation.

I need to rotate it 90 degrees clockwise to make its main axis horizontal. This corresponds to a

negative yaw of 90 degrees.

2. **Pitch Correction:** The target object is pitched slightly away from the camera (negative pitch),

revealing the side faces. The current object appears flat. I will re-introduce a negative pitch to match

the target’s perspective. I’ll estimate this at -30 degrees.

I will combine these two adjustments into a single action.

**Action:**
‘(’rotate’, [-90.0, -30.0, 0.0])‘

� �

Observation o9 Feedback f9
� �
Environment feedback: Action executed

successfully.

This is step 10. You are allowed to take 10 more

steps.
� �

Action a10:
� �
(’rotate’, [45.0, 10.0, 0.0])

� �

VLM Raw Output:
� �

**Analysis of Current State:**
...

(trimmed by author for space)

**Let’s reset and reconsider the total rotation needed from the start.**
...

(trimmed by author for space)

**Plan:**
1. Apply a positive yaw of 45 degrees to make the main axis horizontal.

2. I will also add a small positive pitch of about 10 degrees to make it slightly flatter.

**Action:**
‘(’rotate’, [45.0, 10.0, 0.0])‘

� �
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Observation o10 Feedback f10
� �
Environment feedback: Action executed

successfully.

This is step 11. You are allowed to take 9 more

steps.
� �

Action a11:
� �
(’rotate’, [0.0, 0.0, -90.0])

� �

VLM Raw Output:
� �
This is getting complicated, and my previous moves have clearly been leading me astray. The current

object’s shape is heavily distorted, looking more like ‘<‘ than the target ‘Z‘. This indicates a

significant error in an axis other than yaw, likely roll or pitch. The fundamental structure is

incorrect on the screen.

Let’s try to restore the Z-like structure. The current ‘<‘ shape can be thought of as a ‘Z‘ that has

been rolled onto its side. To bring it upright, I need to apply a roll. Visualizing the transformation,

if a horizontal ’Z’ is rolled 90 degrees counter-clockwise (+90 roll), its limbs would point up and down

, similar to the current ‘<‘ shape. Therefore, to reverse this, I should apply a clockwise roll (-90

degrees).

This is a significant correction, but it’s aimed at restoring the basic recognizable shape, after which

I can fine-tune the yaw and pitch.

**Plan:**
1. The primary problem is that the object no longer projects as a ’Z’. It looks like it’s been rolled

on its side.

2. I will apply a large clockwise roll to try and bring the ’Z’ structure back into the main viewing

plane.

3. I’ll use -90 degrees for this correction.

**Action:**
‘(’rotate’, [0.0, 0.0, -90.0])‘

� �

Observation o11 Feedback f11
� �
Environment feedback: Action executed

successfully.

This is step 12. You are allowed to take 8 more

steps.
� �

Action a12:
� �
(’rotate’, [-20.0, 0.0, 0.0])

� �

VLM Raw Output:
� �

**Analysis of Current State:**

* **Target (Left):** A horizontal ’Z’ shape. More specifically, the line connecting the two ends is

almost horizontal, tilted slightly clockwise.

* **Current (Right):** The -90 degree roll was very effective. The object is now a clearly

recognizable ’Z’ shape. The pitch and roll seem very close to the target. The main difference is the yaw.

The line connecting the two ends of the current object is tilted counter-clockwise by about 15-20

degrees. I need to rotate it clockwise.

**Plan:**
1. The alignment is very close. The only significant remaining error is a small yaw rotation.

2. I need to rotate the object clockwise (negative yaw) to make the overall shape more horizontal and

match the target’s slight clockwise tilt.

3. I estimate the required rotation to be about -20 degrees.

**Action:**
‘(’rotate’, [-20.0, 0.0, 0.0])‘

� �
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Observation o12 Feedback f12
� �
Environment feedback: Action executed

successfully.

This is step 13. You are allowed to take 7 more

steps.
� �

Action a13:
� �
(’rotate’, [-5.0, 0.0, 0.0])

� �

VLM Raw Output:
� �

**Analysis of Current State:**

* **Target (Left):** The target object is a Z-shape.

* **Current (Right):** The current object is also a Z-shape. The orientation is extremely close now.

**Comparison:**

* **Yaw:** The current object’s main axis is slightly more horizontal than the target’s. The target is

tilted a tiny bit more clockwise. I might need a very small negative yaw (-5 degrees).

* **Pitch:** The perspective seems almost identical. The amount of side-face visible is very similar.

* **Roll:** The roll seems perfect.

The alignment is very good, likely within the 10-degree success threshold. I’ll make one final, small

adjustment to the yaw and then stop.

**Plan:**
1. Apply a tiny clockwise (negative) yaw to match the slight downward tilt of the target’s right side.

2. I estimate this to be around -5 degrees.

3. Then I will submit.

**Action:**
‘(’rotate’, [-5.0, 0.0, 0.0])‘

� �

Observation o13 Feedback f13
� �
Environment feedback: Action executed

successfully.

This is step 14. You are allowed to take 6 more

steps.
� �

Action a14:
� �
(’stop’, ’stop’)

� �

VLM Raw Output:
� �

**Analysis of Current State:**

* **Target (Left):** A Z-shaped object viewed from a specific angle.

* **Current (Right):** The object is now in an orientation that is visually almost identical to the

target. The yaw, pitch, and roll all appear to match.

The correction in the previous step has successfully aligned the object. There are no obvious remaining

rotational errors. I believe the current orientation is well within the 10-degree success threshold.

**Plan:**
Submit the current orientation as the final answer.

**Action:**
‘(’stop’, ’stop’)‘

� �
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2.1 Colorization (back to Table of Contents)

Instruction I
� �
You are performing a color-matching task. You see two images side by side:

- LEFT: A color wheel showing your current hue and saturation selection

- RIGHT: An image with a circular region colored with your current selection (gray outside the circle)

Your goal is to adjust the hue and saturation to match the original color that appears at the center of

the circular region in the right image. The circle’s border shows the exact target location.

Success criteria: You succeed when your color selection closely matches the target color in both hue and

saturation.

Available actions:

1. ’rotate’: Adjust the hue by rotating around the color wheel (circular motion). Format: ‘(’rotate’,

angle)‘ where angle is an integer between -360 and 360 degrees.

2. ’saturate’: Adjust the saturation by moving toward or away from the center of the wheel. Format: ‘(’

saturate’, delta)‘ where delta is an integer between -255 and 255.

3. ’stop’: Submit your final color choice when you’re satisfied with the match. Format: ‘(’stop’, ’stop

’)‘.

Please respond with exactly one action and its arguments in the specified format. For example:

- ‘(’rotate’, 30)‘ to rotate the hue +30 degrees clockwise

- ‘(’rotate’, -45)‘ to rotate the hue 45 degrees counter-clockwise

- ‘(’saturate’, 20)‘ to move away from center (increase saturation, more vivid)

- ‘(’saturate’, -30)‘ to move toward the center (decrease saturation, more muted)

- ‘(’stop’, ’stop’)‘ to submit your answer when the colors match

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’rotate’, 25)

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’rotate’, 73)

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’rotate’, 15)

� �
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Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’rotate’, 17)

� �

Observation o4 Feedback f4
� �
Environment feedback: Action executed

successfully. This is step 5. You are allowed to

take 95 more steps.
� �

Action a5:
� �
(’saturate’, 12)

� �

Observation o5 Feedback f5
� �
Environment feedback: Action executed

successfully. This is step 6. You are allowed to

take 94 more steps.
� �

Action a6:
� �
(’stop’, ’stop’)

� �
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2.2 Counting (back to Table of Contents)

Instruction I
� �
You are solving a horse-counting task. Count the number of horse in the image. You can place dots to

mark instances and then record your final count.

Available actions:

1. ’mark’: Place a dot at normalized coordinates. Format: ‘(’mark’, (x, y))‘ where x and y are

normalized coordinates between 0.0 and 1.0.

2. ’undo’: Remove your last placed dot. Format: ‘(’undo’, ’undo’)‘

3. ’guess’: Record your count guess. Format: ‘(’guess’, N)‘ where N is an integer between 5 and 30.

4. ’stop’: End the counting session. Format: ‘(’stop’, ’stop’)‘

Success: You succeed if your final count guess matches the true number of objects.

Please respond with exactly one action and its arguments in the specified format. For example:

- To mark a point: ‘(’mark’, (0.5, 0.3))‘

- To undo: ‘(’undo’, ’undo’)‘

- To guess count: ‘(’guess’, 5)‘

- To stop: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’mark’, (0.2122, 0.5766))

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’mark’, (0.4058, 0.5663))

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’mark’, (0.8144, 0.6096))

� �

Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’mark’, (0.6180, 0.6005))

� �

57



Observation o4 Feedback f4
� �
Environment feedback: Action executed

successfully. This is step 5. You are allowed to

take 95 more steps.
� �

Action a5:
� �
(’mark’, (0.4069, 0.7038))

� �

Observation o5 Feedback f5
� �
Environment feedback: Action executed

successfully. This is step 6. You are allowed to

take 94 more steps.
� �

Action a6:
� �
(’guess’, 5)

� �

Observation o6 Feedback f6
� �
Environment feedback: Action executed

successfully. This is step 7. You are allowed to

take 93 more steps.
� �

Action a7:
� �
(’stop’, ’stop’)

� �
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2.3 Jigsaw (back to Table of Contents)

Instruction I
� �
You are solving a 3x3 jigsaw puzzle. The puzzle pieces are currently scrambled. Your goal is to

rearrange the pieces to recover the image.

Available actions:

1. ’swap’: Swap two pieces by specifying their coordinates. Format: ‘(’swap’, ((row1, col1), (row2, col2

)))‘ where coordinates start from (0,0) at the top-left corner.

2. ’reorder’: Reorder all pieces at once. Format: ‘(’reorder’, [0, 1, 2, ..., 8])‘ where the list

represents the desired order of pieces from top-left to bottom-right.

3. ’stop’: End the puzzle solving session. Format: ‘(’stop’, ’stop’)‘

Please respond with exactly one action and its arguments in the specified format. For example:

- To swap two pieces: ‘(’swap’, ((0, 0), (1, 1)))‘

- To reorder all pieces: ‘(’reorder’, [0, 1, 2, ..., 8])‘

- To stop: ‘(’stop’, ’stop’)‘

Index-to-cell mapping (0-based rows/cols):

- Index = row * 3 + col.

- Row 0 covers indices 0..2, row 1 covers 3..5, etc.

Example for 2x2: (0,0)->0, (0,1)->1, (1,0)->2, (1,1)->3.

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’swap’, ((2, 0), (0, 2)))

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’swap’, ((2, 1), (1, 0)))

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’swap’, ((0, 2), (1, 0)))

� �
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Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’swap’, ((1, 2), (1, 1)))

� �

Observation o4 Feedback f4
� �
Environment feedback: Action executed

successfully. This is step 5. You are allowed to

take 95 more steps.
� �

Action a5:
� �
(’swap’, ((2, 2), (0, 1)))

� �

Observation o5 Feedback f5
� �
Environment feedback: Action executed

successfully. This is step 6. You are allowed to

take 94 more steps.
� �

Action a6:
� �
(’swap’, ((1, 1), (0, 1)))

� �

Observation o6 Feedback f6
� �
Environment feedback: Action executed

successfully. This is step 7. You are allowed to

take 93 more steps.
� �

Action a7:
� �
(’swap’, ((0, 0), (0, 1)))

� �

Observation o7 Feedback f7
� �
Environment feedback: Action executed

successfully. This is step 8. You are allowed to

take 92 more steps.
� �

Action a8:
� �
(’stop’, ’stop’)

� �
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2.4 Matchstick Equation (back to Table of Contents)

Instruction I
� �
You see an image of a broken matchstick equation.

Your goal is to fix the equation by moving ONE match per action.

Symbols (left->right) with indices:

[0:’0’, 1:’-’, 2:’7’, 3:’3’, 4:’/’, 5:’3’, 6:’=’, 7:’9’, 8:’9’]

Available actions:

1. ’move’: Remove one match from segment ’src_seg’ of symbol at ’src_idx’, then add it to segment ’

dst_seg’ of symbol at ’dst_idx’. Format: ‘(’move’, [src_idx, src_seg, dst_idx, dst_seg])‘ where:

- src_idx, dst_idx ∈ [0, N-1], with src_idx ̸= dst_idx

- src_seg, dst_seg ∈ matchstick_puzzles.TOTAL (e.g., {0..12})

- The move must result in valid symbols at BOTH positions.

2. ’undo’: Revert the last move (if any). Format: ‘(’undo’, ’undo’)‘

3. ’stop’: Submit your current equation as final. Format: ‘(’stop’, ’stop’)‘

Success: The submitted equation must be mathematically correct (evaluated as lhs == rhs).

Segment legend (indices depend on symbol):

0..6 : 7-seg digits (a,b,c,d,e,f,g), 6 is also the horizontal stroke used by ’+’

7 : plus vertical stroke (used by ’+’)

8 : the multiply sign that goes from top left to bottom right

9 : the multiply sign that goes from top right to bottom left

11,12: equals upper/lower bars (used by ’=’)

A segment is valid for a symbol only if the resulting set of segments maps to a known glyph.

Please respond with exactly one action and its arguments in the specified format. For example:

- To move a match: ‘(’move’, [0, 6, 2, 0])‘

- To undo: ‘(’undo’, ’undo’)‘

- To stop: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’move’, [7, 5, 0, 6])

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’undo’, ’undo’)

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’move’, [2, 0, 1, 7])

� �
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Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’move’, [7, 5, 4, 8])

� �

Observation o4 Feedback f4
� �
Environment feedback: Action executed

successfully. This is step 5. You are allowed to

take 95 more steps.
� �

Action a5:
� �
(’stop’, ’stop’)

� �
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2.5 Matchstick Rotation (back to Table of Contents)

Instruction I
� �
You see a blue stick and a red target stick on a canvas. Your goal is to move and rotate the blue stick

to match the red target stick. Unit moves are in an *unknown* scale (could be tiny or huge).

Available actions:

1. ’move’: Translate by dx,dy units (any real number) and rotate by dθ◦
(any real number). Format: ‘(’

move’, [dx, dy, dθ])‘

2. ’stop’: Submit your current stick as final. You win (+1) if your stick is within 5px and 10
◦
of the

target. Format: ‘(’stop’, ’stop’)‘

Please respond with exactly one action and its arguments in the specified format. For example:

- Move right by 2 units and rotate 45
◦
: ‘(’move’, [2, 0, 45])‘

- Move diagonally and rotate: ‘(’move’, [1.5, -0.8, 90])‘

- Finalize the stick position: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’move’, [-66.8, 46.2, -2.0])

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’move’, [-158.3, 109.4, -4.7])

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’move’, [-23.8, 16.5, -0.7])

� �

Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’stop’, ’stop’)

� �
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2.6 Maze 2D (back to Table of Contents)

Instruction I
� �
You are navigating a 11x11 maze. The maze consists of walls (gray) and paths (white). You are

represented by a blue circle, and your goal is to reach the red target square.

Available actions:

1. ’move’: Move in one of four directions. Format: ‘(’move’, direction)‘ where direction is an integer:

- 0=right, 1=up, 2=left, 3=down

2. ’stop’: End the navigation session. Format: ‘(’stop’, ’stop’)‘

Success: You succeed if you reach the red target square.

Please respond with exactly one action and its arguments in the specified format. For example:

- To move right: ‘(’move’, 0)‘

- To move up: ‘(’move’, 1)‘

- To move left: ‘(’move’, 2)‘

- To move down: ‘(’move’, 3)‘

- To stop: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’move’, 3)

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’move’, 3)

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’move’, 3)

� �

Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’move’, 3)

� �
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Observation o4 Feedback f4
� �
Environment feedback: Action executed

successfully. This is step 5. You are allowed to

take 95 more steps.
� �

Action a5:
� �
(’move’, 0)

� �

Observation o5 Feedback f5
� �
Environment feedback: Action executed

successfully. This is step 6. You are allowed to

take 94 more steps.
� �

Action a6:
� �
(’move’, 0)

� �

Observation o6 Feedback f6
� �
Environment feedback: Action executed

successfully. This is step 7. You are allowed to

take 93 more steps.
� �

Action a7:
� �
(’move’, 0)

� �

Observation o7 Feedback f7
� �
Environment feedback: Action executed

successfully. This is step 8. You are allowed to

take 92 more steps.
� �

Action a8:
� �
(’move’, 0)

� �

Observation o8 Feedback f8
� �
Environment feedback: Action executed

successfully. This is step 9. You are allowed to

take 91 more steps.
� �

Action a9:
� �
(’move’, 0)

� �
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Observation o9 Feedback f9
� �
Environment feedback: Action executed

successfully. This is step 10. You are allowed to

take 90 more steps.
� �

Action a10:
� �
(’move’, 0)

� �

Observation o10 Feedback f10
� �
Environment feedback: Action executed

successfully. This is step 11. You are allowed to

take 89 more steps.
� �

Action a11:
� �
(’move’, 3)

� �

Observation o11 Feedback f11
� �
Environment feedback: Action executed

successfully. This is step 12. You are allowed to

take 88 more steps.
� �

Action a12:
� �
(’move’, 3)

� �

Observation o12 Feedback f12
� �
Environment feedback: Action executed

successfully. This is step 13. You are allowed to

take 87 more steps.
� �

Action a13:
� �
(’move’, 3)

� �

Observation o13 Feedback f13
� �
Environment feedback: Action executed

successfully. This is step 14. You are allowed to

take 86 more steps.
� �

Action a14:
� �
(’move’, 3)

� �
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Observation o14 Feedback f14
� �
Environment feedback: Action executed

successfully. This is step 15. You are allowed to

take 85 more steps.
� �

Action a15:
� �
(’move’, 0)

� �

Observation o15 Feedback f15
� �
Environment feedback: Action executed

successfully. This is step 16. You are allowed to

take 84 more steps.
� �

Action a16:
� �
(’move’, 0)

� �

Observation o16 Feedback f16
� �
Environment feedback: Action executed

successfully. This is step 17. You are allowed to

take 83 more steps.
� �

Action a17:
� �
(’stop’, ’stop’)

� �
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2.7 Maze 3D (back to Table of Contents)

Instruction I
� �
You are navigating a 9x9 3D maze environment. The maze consists of walls and open paths. You are given

the first-person view from your current position and orientation.

Your goal is to reach the target location which ismarked by a red sphere.

Available actions:

1. ’move’: Move one step forward in your current facing direction. Format: ‘(’move’, 0)‘

2. ’turn’: Rotate your view in the specified direction. Format: ‘(’turn’, direction)‘ where direction is

1 (left), 2 (right), or 3 (around).

3. ’stop’: Stop the episode. Format: ‘(’stop’, ’stop’)‘

Success: You succeed when you reach the target location (red sphere).

Please respond with exactly one action and its arguments in the specified format. For example:

- To move forward: ‘(’move’, 0)‘

- To turn left: ‘(’turn’, 1)‘

- To turn right: ‘(’turn’, 2)‘

- To turn around: ‘(’turn’, 3)‘

- To stop: ‘(’stop’, ’stop’)‘

Note: If you try to move forward into a wall, you will remain in your current position. Turning actions

do not change your position, only your facing direction.

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’move’, 0)

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’move’, 0)

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’move’, 0)

� �
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Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’move’, 0)

� �

Observation o4 Feedback f4
� �
Environment feedback: Action executed

successfully. This is step 5. You are allowed to

take 95 more steps.
� �

Action a5:
� �
(’move’, 0)

� �

Observation o5 Feedback f5
� �
Environment feedback: Action executed

successfully. This is step 6. You are allowed to

take 94 more steps.
� �

Action a6:
� �
(’move’, 0)

� �

Observation o6 Feedback f6
� �
Environment feedback: Action executed

successfully. This is step 7. You are allowed to

take 93 more steps.
� �

Action a7:
� �
(’turn’, 2)

� �

Observation o7 Feedback f7
� �
Environment feedback: Action executed

successfully. This is step 8. You are allowed to

take 92 more steps.
� �

Action a8:
� �
(’move’, 0)

� �
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Observation o8 Feedback f8
� �
Environment feedback: Action executed

successfully. This is step 9. You are allowed to

take 91 more steps.
� �

Action a9:
� �
(’move’, 0)

� �

Observation o9 Feedback f9
� �
Environment feedback: Action executed

successfully. This is step 10. You are allowed to

take 90 more steps.
� �

Action a10:
� �
(’turn’, 2)

� �

Observation o10 Feedback f10
� �
Environment feedback: Action executed

successfully. This is step 11. You are allowed to

take 89 more steps.
� �

Action a11:
� �
(’move’, 0)

� �

Observation o11 Feedback f11
� �
Environment feedback: Action executed

successfully. This is step 12. You are allowed to

take 88 more steps.
� �

Action a12:
� �
(’move’, 0)

� �

Observation o12 Feedback f12
� �
Environment feedback: Action executed

successfully. This is step 13. You are allowed to

take 87 more steps.
� �

Action a13:
� �
(’turn’, 1)

� �
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Observation o13 Feedback f13
� �
Environment feedback: Action executed

successfully. This is step 14. You are allowed to

take 86 more steps.
� �

Action a14:
� �
(’move’, 0)

� �

Observation o14 Feedback f14
� �
Environment feedback: Action executed

successfully. This is step 15. You are allowed to

take 85 more steps.
� �

Action a15:
� �
(’move’, 0)

� �

Observation o15 Feedback f15
� �
Environment feedback: Action executed

successfully. This is step 16. You are allowed to

take 84 more steps.
� �

Action a16:
� �
(’move’, 0)

� �

Observation o16 Feedback f16
� �
Environment feedback: Action executed

successfully. This is step 17. You are allowed to

take 83 more steps.
� �

Action a17:
� �
(’move’, 0)

� �

Observation o17 Feedback f17
� �
Environment feedback: Action executed

successfully. This is step 18. You are allowed to

take 82 more steps.
� �

Action a18:
� �
(’turn’, 1)

� �
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Observation o18 Feedback f18
� �
Environment feedback: Action executed

successfully. This is step 19. You are allowed to

take 81 more steps.
� �

Action a19:
� �
(’move’, 0)

� �

Observation o19 Feedback f19
� �
Environment feedback: Action executed

successfully. This is step 20. You are allowed to

take 80 more steps.
� �

Action a20:
� �
(’stop’, ’stop’)

� �
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2.8 Mental Rotation 2D (back to Table of Contents)

Instruction I
� �
You are solving a mental rotation task. Two panels appear side by side:

- Left: the original circular image.

- Right: the image has been rotated by a secret angle.

Your job is to undo that rotation and align the right image back to match the left.

Available actions:

1. ’rotate’: Rotate the right image by an integer angle. Format: ‘(’rotate’, angle)‘ where angle is an

integer between -180 and 180 degrees (positive is clockwise, negative is counterclockwise).

2. ’stop’: Submit your final adjustment. Format: ‘(’stop’, ’stop’)‘

Success: You succeed if your final adjustment undoes the secret rotation within ±5.0
◦
.

Please respond with exactly one action and its arguments in the specified format. For example:

- To rotate clockwise: ‘(’rotate’, 45)‘

- To rotate counterclockwise: ‘(’rotate’, -30)‘

- To submit: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’rotate’, 104)

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’stop’, ’stop’)

� �
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2.9 Mental Rotation 3D (Cube) (back to Table of Contents)

Instruction I
� �
You see two images side-by-side:

- Left: the original 3D object (target orientation)

- Right: the same object under an unknown rotation

Your goal is to rotate the right object back to the original target orientation.

Available actions:

1. ’rotate’: Rotate the 3D object by Euler angles. Format: ‘(’rotate’, [dyaw, dpitch, droll])‘ where

each of dyaw, dpitch, droll is in degrees between -180 and 180.

2. ’stop’: Submit your final rotation. Format: ‘(’stop’, ’stop’)‘

Note: Rotations are applied in the world (extrinsic) axes

Success: You succeed if you end up within 10.0 degrees of target orientation.

Please respond with exactly one action and its arguments in the specified format. For example:

- To rotate in yaw: ‘(’rotate’, [15.0, 0.0, 0.0])‘

- To rotate in roll: ‘(’rotate’, [0.0, 0.0, -10.0])‘

- To submit: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’rotate’, [89.6, 48.5, 74.6])

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’stop’, ’stop’)

� �
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2.10 Mental Rotation 3D (Objaverse) (back to Table of Contents)

Instruction I
� �
You are solving a 3D mental rotation task. Two panels are shown:

- Left: the target view of the object (identity orientation).

- Right: the current view that you can rotate.

Your job is to rotate the object on the right so it matches the left.

Available actions:

1. ’rotate’: Apply an incremental Euler rotation (yaw, pitch, roll). Format: ‘(’rotate’, [d_roll, d_yaw,

d_pitch])‘ with angles in degrees.

2. ’stop’: Submit your final orientation. Format: ‘(’stop’, ’stop’)‘

Success: You succeed if the final rotation error is less than or equal to 5.0
◦
.

Note: Rotations are applied in the world (extrinsic) axes

For example:

- Roll by 15
◦
: ‘(’rotate’, [15, 0, 0])‘

- To submit: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’rotate’, [-3.7, -91.2, 95.9])

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’stop’, ’stop’)

� �
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2.11 MuJoCo Fetch (Pick-and-Place) (back to Table of Contents)

Instruction I
� �
You are controlling a robotic arm to pick up a grey cube and place it at the target 3D position. The

robot end-effector (gripper) and the cube are visible in the image. The left image is a front view of

the robot, and the right image moving camera attached to the gripper. Your goal is to grasp the cube and

move it to the red target marker. Each action moves the end-effector by a fixed step size in the

specified direction.

Available actions:

1. ’move’: Move the end-effector in 3D space. Format: ‘(’move’, [x, y, z])‘ where each element is -1, 0,

or 1:

- x: -1=left, 0=no change, 1=right

- y: -1=backward, 0=no change, 1=forward

- z: -1=down, 0=no change, 1=up

2. ’gripper’: Control the gripper (sticky behavior). Format: ‘(’gripper’, value)‘ where value is:

- 0: open the gripper

- 1: close the gripper

Note: Gripper state is sticky - once set, it continues until changed.

3. ’stop’: End the pick and place session. Format: ‘(’stop’, ’stop’)‘

Success: You succeed when you pick up the cube and place it at the target position (green marker).

Please respond with exactly one action and its arguments in the specified format. For example:

- To move right and up: ‘(’move’, [1, 0, 1])‘

- To move forward: ‘(’move’, [0, 1, 0])‘

- To move down and left: ‘(’move’, [-1, 0, -1])‘

- To stay in place: ‘(’move’, [0, 0, 0])‘

- To open gripper: ‘(’gripper’, 0)‘

- To close gripper: ‘(’gripper’, 1)‘

- To stop: ‘(’stop’, ’stop’)‘

Gripper Behavior: The gripper has sticky behavior - once you open or close it,

Feedback: Action executed successfully.

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’move’, [0, 1, 0])

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’move’, [-1, 0, 0])

� �
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Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’move’, [0, 1, 0])

� �

Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’move’, [-1, 0, 0])

� �

Observation o4 Feedback f4
� �
Environment feedback: Action executed

successfully. This is step 5. You are allowed to

take 95 more steps.
� �

Action a5:
� �
(’move’, [0, 1, 0])

� �

Observation o5 Feedback f5
� �
Environment feedback: Action executed

successfully. This is step 6. You are allowed to

take 94 more steps.
� �

Action a6:
� �
(’move’, [-1, 0, 0])

� �

Observation o6 Feedback f6
� �
Environment feedback: Action executed

successfully. This is step 7. You are allowed to

take 93 more steps.
� �

Action a7:
� �
(’move’, [0, 1, 0])

� �
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Observation o7 Feedback f7
� �
Environment feedback: Action executed

successfully. This is step 8. You are allowed to

take 92 more steps.
� �

Action a8:
� �
(’move’, [0, 0, 0])

� �

Observation o8 Feedback f8
� �
Environment feedback: Action executed

successfully. This is step 9. You are allowed to

take 91 more steps.
� �

Action a9:
� �
(’gripper’, 0)

� �

Observation o9 Feedback f9
� �
Environment feedback: Action executed

successfully. This is step 10. You are allowed to

take 90 more steps.
� �

Action a10:
� �
(’move’, [0, 0, 0])

� �

Observation o10 Feedback f10
� �
Environment feedback: Action executed

successfully. This is step 11. You are allowed to

take 89 more steps.
� �

Action a11:
� �
(’move’, [0, 0, -1])

� �

Observation o11 Feedback f11
� �
Environment feedback: Action executed

successfully. This is step 12. You are allowed to

take 88 more steps.
� �

Action a12:
� �
(’move’, [0, 0, -1])

� �
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Observation o12 Feedback f12
� �
Environment feedback: Action executed

successfully. This is step 13. You are allowed to

take 87 more steps.
� �

Action a13:
� �
(’move’, [0, 0, -1])

� �

Observation o13 Feedback f13
� �
Environment feedback: Action executed

successfully. This is step 14. You are allowed to

take 86 more steps.
� �

Action a14:
� �
(’move’, [0, 0, -1])

� �

Observation o14 Feedback f14
� �
Environment feedback: Action executed

successfully. This is step 15. You are allowed to

take 85 more steps.
� �

Action a15:
� �
(’move’, [0, 0, 0])

� �

Observation o15 Feedback f15
� �
Environment feedback: Action executed

successfully. This is step 16. You are allowed to

take 84 more steps.
� �

Action a16:
� �
(’gripper’, 1)

� �

Observation o16 Feedback f16
� �
Environment feedback: Action executed

successfully. This is step 17. You are allowed to

take 83 more steps.
� �

Action a17:
� �
(’gripper’, 1)

� �
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Observation o17 Feedback f17
� �
Environment feedback: Action executed

successfully. This is step 18. You are allowed to

take 82 more steps.
� �

Action a18:
� �
(’gripper’, 1)

� �

Observation o18 Feedback f18
� �
Environment feedback: Action executed

successfully. This is step 19. You are allowed to

take 81 more steps.
� �

Action a19:
� �
(’move’, [0, -1, 0])

� �

Observation o19 Feedback f19
� �
Environment feedback: Action executed

successfully. This is step 20. You are allowed to

take 80 more steps.
� �

Action a20:
� �
(’move’, [0, -1, 0])

� �

Observation o20 Feedback f20
� �
Environment feedback: Action executed

successfully. This is step 21. You are allowed to

take 79 more steps.
� �

Action a21:
� �
(’move’, [0, -1, 0])

� �

Observation o21 Feedback f21
� �
Environment feedback: Action executed

successfully. This is step 22. You are allowed to

take 78 more steps.
� �

Action a22:
� �
(’move’, [0, -1, 0])

� �
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Observation o22 Feedback f22
� �
Environment feedback: Action executed

successfully. This is step 23. You are allowed to

take 77 more steps.
� �

Action a23:
� �
(’move’, [0, -1, 0])

� �

Observation o23 Feedback f23
� �
Environment feedback: Action executed

successfully. This is step 24. You are allowed to

take 76 more steps.
� �

Action a24:
� �
(’move’, [0, -1, 0])

� �

Observation o24 Feedback f24
� �
Environment feedback: Action executed

successfully. This is step 25. You are allowed to

take 75 more steps.
� �

Action a25:
� �
(’move’, [0, -1, 0])

� �

Observation o25 Feedback f25
� �
Environment feedback: Action executed

successfully. This is step 26. You are allowed to

take 74 more steps.
� �

Action a26:
� �
(’move’, [1, 0, 0])

� �

Observation o26 Feedback f26
� �
Environment feedback: Action executed

successfully. This is step 27. You are allowed to

take 73 more steps.
� �

Action a27:
� �
(’stop’, ’stop’)

� �
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2.12 MuJoCo Fetch (Reach) (back to Table of Contents)

Instruction I
� �
You are controlling a robotic arm to reach a target 3D position. The left image is a front view of the

robot, and the right image moving camera attached to the gripper. Your goal is to move it to the red

target marker. Each action moves the end-effector by a fixed step size in the specified direction.

Available actions:

1. ’move’: Move the end-effector in 3D space. Format: ‘(’move’, [x, y, z])‘ where each element is -1, 0,

or 1:

- x: -1=left, 0=no change, 1=right

- y: -1=backward, 0=no change, 1=forward

- z: -1=down, 0=no change, 1=up

2. ’stop’: End the reaching session. Format: ‘(’stop’, ’stop’)‘

Success: You succeed when the end-effector reaches the target position (red marker).

Please respond with exactly one action and its arguments in the specified format. For example:

- To move right and up: ‘(’move’, [1, 0, 1])‘

- To move forward: ‘(’move’, [0, 1, 0])‘

- To move down and left: ‘(’move’, [-1, 0, -1])‘

- To stay in place: ‘(’move’, [0, 0, 0])‘

- To stop: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’move’, [0, 0, -1])

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’move’, [1, 0, 0])

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’move’, [-1, 0, 0])

� �
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Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’move’, [1, 0, 0])

� �

Observation o4 Feedback f4
� �
Environment feedback: Action executed

successfully. This is step 5. You are allowed to

take 95 more steps.
� �

Action a5:
� �
(’move’, [-1, 0, 0])

� �

Observation o5 Feedback f5
� �
Environment feedback: Action executed

successfully. This is step 6. You are allowed to

take 94 more steps.
� �

Action a6:
� �
(’move’, [1, 0, 0])

� �

Observation o6 Feedback f6
� �
Environment feedback: Action executed

successfully. This is step 7. You are allowed to

take 93 more steps.
� �

Action a7:
� �
(’move’, [-1, 0, 0])

� �

Observation o7 Feedback f7
� �
Environment feedback: Action executed

successfully. This is step 8. You are allowed to

take 92 more steps.
� �

Action a8:
� �
(’move’, [1, 0, 0])

� �
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Observation o8 Feedback f8
� �
Environment feedback: Action executed

successfully. This is step 9. You are allowed to

take 91 more steps.
� �

Action a9:
� �
(’move’, [-1, 0, 0])

� �

Observation o9 Feedback f9
� �
Environment feedback: Action executed

successfully. This is step 10. You are allowed to

take 90 more steps.
� �

Action a10:
� �
(’move’, [1, 0, 0])

� �

Observation o10 Feedback f10
� �
Environment feedback: Action executed

successfully. This is step 11. You are allowed to

take 89 more steps.
� �

Action a11:
� �
(’stop’, ’stop’)

� �
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2.13 Patch Reassembly (back to Table of Contents)

Instruction I
� �
You are solving a 8×8 patch-reassembly puzzle. There are 6 irregular pieces parked around the board.

Your goal is to place them so the grid is completely filled--no gaps, no overlaps.

Available actions:

1. ’place’: Snap a patch onto the grid by aligning its anchor (the cell that shows the patch’s ID number

) with a chosen board coordinate. Format: ‘(’place’, (patch_id, row, col))‘ where patch_id ∈ [0, 5], row

∈ [0, 7], col ∈ [0, 7].

2. ’remove’: Return a patch to its parking slot. Format: ‘(’remove’, patch_id)‘ where patch_id ∈ [0, 5].

3. ’stop’: End the episode and submit your solution. Format: ‘(’stop’, ’stop’)‘

Success: You succeed if the grid is completely filled with no gaps or overlaps.

Please respond with exactly one action and its arguments in the specified format. For example:

- To place patch 0 at (2, 3): ‘(’place’, (0, 2, 3))‘

- To remove patch 0: ‘(’remove’, 0)‘

- To finish: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’place’, (0, 4, 3))

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’place’, (1, 0, 5))

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’place’, (2, 5, 5))

� �

Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’place’, (3, 0, 0))

� �
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Observation o4 Feedback f4
� �
Environment feedback: Action executed

successfully. This is step 5. You are allowed to

take 95 more steps.
� �

Action a5:
� �
(’place’, (4, 2, 4))

� �

Observation o5 Feedback f5
� �
Environment feedback: Action executed

successfully. This is step 6. You are allowed to

take 94 more steps.
� �

Action a6:
� �
(’place’, (5, 2, 0))

� �

Observation o6 Feedback f6
� �
Environment feedback: Action executed

successfully. This is step 7. You are allowed to

take 93 more steps.
� �

Action a7:
� �
(’stop’, ’stop’)

� �
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2.14 Referring Dot-Pointing (back to Table of Contents)

Instruction I
� �
Your goal is to point to ’plant with brown pot’ in the image.

Available actions:

1. ’mark’: Mark a point at the specified coordinates. Format: ‘(’mark’, (x_norm, y_norm))‘ where x_norm,

y_norm are normalized coordinates between 0.0 and 1.0, which map to pixel x = round(x_norm*(500-1)), y

= round(y_norm*(375-1)).

2. ’stop’: Submit your current mark as final answer. Format: ‘(’stop’, ’stop’)‘

Please respond with exactly one action and its arguments in the specified format. For example:

- To mark center: ‘(’mark’, (0.5, 0.5))‘

- To submit: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’mark’, (0.3578, 0.5295))

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’mark’, (0.3530, 0.4949))

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’mark’, (0.3481, 0.4602))

� �

Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’stop’, ’stop’)

� �
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2.15 Sliding Block (back to Table of Contents)

Instruction I
� �
You are solving a 5x4 sliding block puzzle (Klotski). The puzzle consists of rectangular blocks that can

be moved in four directions. Your goal is to rearrange the blocks to match the target configuration.You

see two boards side-by-side:

- Left: the target configuration

- Right: the current configuration that you need to rearrange

Available actions:

1. ’move’: Move a block in one of four directions. Format: ‘(’move’, (block_id, direction))‘ where:

- block_id is the number of the block to move (1-10)

- direction is 0=up, 1=right, 2=down, 3=left

2. ’stop’: End the puzzle solving session. Format: ‘(’stop’, ’stop’)‘

Success: You succeed if all blocks are in their target positions when you stop.

Please respond with exactly one action and its arguments in the specified format. For example:

- To move block 1 up: ‘(’move’, (1, 0))‘

- To move block 2 right: ‘(’move’, (2, 1))‘

- To move block 3 down: ‘(’move’, (3, 2))‘

- To move block 4 left: ‘(’move’, (4, 3))‘

- To stop: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’move’, (7, 1))

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’move’, (5, 2))

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’move’, (2, 3))

� �

88



Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’move’, (8, 3))

� �

Observation o4 Feedback f4
� �
Environment feedback: Action executed

successfully. This is step 5. You are allowed to

take 95 more steps.
� �

Action a5:
� �
(’move’, (6, 2))

� �

Observation o5 Feedback f5
� �
Environment feedback: Action executed

successfully. This is step 6. You are allowed to

take 94 more steps.
� �

Action a6:
� �
(’move’, (10, 0))

� �

Observation o6 Feedback f6
� �
Environment feedback: Action executed

successfully. This is step 7. You are allowed to

take 93 more steps.
� �

Action a7:
� �
(’move’, (9, 1))

� �

Observation o7 Feedback f7
� �
Environment feedback: Action executed

successfully. This is step 8. You are allowed to

take 92 more steps.
� �

Action a8:
� �
(’move’, (10, 1))

� �

89



Observation o8 Feedback f8
� �
Environment feedback: Action executed

successfully. This is step 9. You are allowed to

take 91 more steps.
� �

Action a9:
� �
(’move’, (9, 0))

� �

Observation o9 Feedback f9
� �
Environment feedback: Action executed

successfully. This is step 10. You are allowed to

take 90 more steps.
� �

Action a10:
� �
(’move’, (8, 0))

� �

Observation o10 Feedback f10
� �
Environment feedback: Action executed

successfully. This is step 11. You are allowed to

take 89 more steps.
� �

Action a11:
� �
(’move’, (7, 1))

� �

Observation o11 Feedback f11
� �
Environment feedback: Action executed

successfully. This is step 12. You are allowed to

take 88 more steps.
� �

Action a12:
� �
(’move’, (8, 3))

� �

Observation o12 Feedback f12
� �
Environment feedback: Action executed

successfully. This is step 13. You are allowed to

take 87 more steps.
� �

Action a13:
� �
(’stop’, ’stop’)

� �
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2.16 Video Unshuffle (back to Table of Contents)

Instruction I
� �
You are given 5 video frames extracted from a short clip, laid out left->right in a shuffled order and

labeled 1 through 5. The action being performed in the video is: ’pushing a chair with a hand’.

Your goal is to rearrange the frames so they appear in their original chronological order from left to

right. Pay attention to the temporal progression of the action described above.

Available actions:

1. ’swap’: Swap two frames by specifying their 1-based positions. Format: ‘(’swap’, (i, j))‘

2. ’reorder’: Provide the complete ordering in one shot. Format: ‘(’reorder’, [1, 2, ..., 5])‘ where the

list gives the desired left-to-right arrangement.

3. ’stop’: Finish and lock in the current ordering. Format: ‘(’stop’, ’stop’)‘

Please respond with exactly one action and its arguments in the specified format. For example:

- Swap the first and third frames: ‘(’swap’, (1, 3))‘

- Reorder all frames: ‘(’reorder’, [2, 1, 4, 3, ..., 5])‘

- Finalize the ordering: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’swap’, (1, 4))

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’swap’, (3, 5))

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’stop’, ’stop’)

� �
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2.17 Zoom-In Puzzle (back to Table of Contents)

Instruction I
� �
You are given an original image and 5 zoomed-in views laid out left→right. Your goal is to rearrange

them so they are ordered from *least* to *most* zoomed.

Available actions:

1. ’swap’: Swap two zoom-tiles by specifying their 1-based positions. Format: ‘(’swap’, (i, j))‘ where i

and j are 1-based positions.

2. ’reorder’: Provide the complete ordering in one shot. Format: ‘(’reorder’, [1, 2, ..., 5])‘ where the

list gives the desired left-to-right arrangement.

3. ’stop’: Finish and lock in the current ordering. Format: ‘(’stop’, ’stop’)‘

Success: Arrange the views from least to most zoomed (ascending zoom level order).

Please respond with exactly one action and its arguments in the specified format. For example:

- To swap views: ‘(’swap’, (1, 3))‘

- To reorder all: ‘(’reorder’, [1, 3, 2, 4])‘

- To finalize: ‘(’stop’, ’stop’)‘

This is step 1. You are allowed to take 99 more steps.
� �

Observation o0 Action a1:
� �
(’swap’, (1, 4))

� �

Observation o1 Feedback f1
� �
Environment feedback: Action executed

successfully. This is step 2. You are allowed to

take 98 more steps.
� �

Action a2:
� �
(’swap’, (2, 3))

� �

Observation o2 Feedback f2
� �
Environment feedback: Action executed

successfully. This is step 3. You are allowed to

take 97 more steps.
� �

Action a3:
� �
(’swap’, (3, 4))

� �

Observation o3 Feedback f3
� �
Environment feedback: Action executed

successfully. This is step 4. You are allowed to

take 96 more steps.
� �

Action a4:
� �
(’stop’,’stop’)

� �
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