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Abstract

Recent multimodal large language models
(MLLMs) are credited with three capabilities:
they fuse vision and text, forecast the conse-
quences of an action, and recover from mis-
takes through reflection. A fourth assumption
underpins every agentic deployment built on
these models: that strong single-step perfor-
mance transfers to competent multi-step be-
havior. Existing evaluations cannot adjudicate
these claims cleanly: static perception suites
never let small errors compound, and agent
suites aggregate perception, planning, and con-
trol failures into a single score. No instrument
exposes where, along the perceive-forecast-act-
reflect-recover loop, a multimodal model fails.
We introduce Cube Bench, a controlled diag-
nostic built on the Rubik’s Cube, where tran-
sitions are deterministic and oracle distance to
the goal is available at every state. Seven oracle-
scored tests isolate each stage of the decision
loop under matched conditions. Across open
and closed-source MLLMs, current models do
not reliably exhibit any of the three credited
capabilities, and the fourth assumption fails
most sharply: a model with frontier-adjacent
single-step skill across perception, prediction,
and control can sit at the floor on recovery from
its own errors. This dissociation between local
skill and multi-step recovery has direct impli-
cations for agentic systems that assume these
capabilities compose.

1 Introduction

Recent multimodal large language models
(MLLMs) are credited with three capabilities that
have become central to how the field talks about
progress: that they fuse vision and text rather
than treating them as parallel channels (Liu et al.,
2023b; Tong et al., 2024), that they can forecast
the consequences of an action before taking it
(Yao et al., 2023a), and that they can recover
from their own mistakes through self-reflection
(Shinn et al., 2023; Madaan et al., 2023; Yao et al.,

2023b). A fourth assumption is rarely stated but is
load-bearing for every agentic deployment built on
these models: that strong single-step performance
transfers to competent multi-step behavior (Dziri
et al., 2023; West et al., 2024). Together, the three
claims and the assumption justify architectural
choices, training objectives, and downstream
products.

Existing evaluations do not adjudicate these
claims cleanly. Synthetic VQA suites such as
CLEVR and GQA (Johnson et al., 2017; Hud-
son and Manning, 2019) and natural-image spatial-
relation probes such as VSR (Liu et al., 2023a),
isolate aspects of spatial understanding on fixed
scenes, but never couple perception to a dynam-
ics model, never expose progress toward a goal,
and never let a small error compound; broader
multimodal leaderboards continue this pattern, em-
phasizing captioning, OCR, and short-form VQA
(Li et al., 2024). Web- and embodied-agent suites
(Zhou et al., 2024; Koh et al., 2024) restore hori-
zon but collapse perception, planning, and control
failures into a single success rate, and their non-
deterministic environments make replication and
causal attribution difficult. The field lacks an instru-
ment that exposes where a multimodal model fails
along the chain of perceiving, forecasting, acting,
reflecting, and recovering.

We introduce Cube Bench1, a controlled diag-
nostic built on the Rubik’s Cube. The cube of-
fers four properties absent from web-agent and
embodied-agent suites: an exact transition model,
oracle distance-to-solved via optimal solvers (Korf,
1997; Rokicki et al., 2014), paired image and text
representations of every state, and a small discrete
action set that admits strict answer-position con-
trols. We define seven oracle-scored tests, each
isolating one stage of a model’s decision pro-
cess: face reconstruction, cross-modal verification,

1Code: https://github.com/dana-23/cube-bench
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optimal move prediction under three modalities,
causal move-effect, multi-step closed-loop execu-
tion, reflection-guided re-answering, and post-error
recovery.

Evaluating eight MLLMs from five vendors (7B
to frontier) surfaces four behaviors that contradict
prevailing claims about multimodal reasoning, or-
dered here by their relevance to the NLP literature.

Seven of eight models do not benefit from im-
ages when text is available. Only Gemini 2.5 Pro
shows the canonical image+text > image > text
ordering that fusion should produce (Alayrac et al.,
2022), and only by a substantive margin (+16
points). Four models, including Claude Son-
net 4.5 at 100% parse compliance on both modali-
ties, score strictly higher on text-only than on im-
age+text (Table 2). The pattern is not a perception
artifact: it holds in models that exceed 95% on
balanced cross-modal verification.

After a wrong move no model recovers within
one attempt. P(1)=0 across eight MLLMs (P(k):
fraction of error trials solved within k attempts).
Within six attempts, only Gemini achieves non-
trivial recovery (Solve Rate SR=40%); the other
seven cluster at SR≤ 8%. This is direct evidence
against the strong reading of the self-reflection lit-
erature (Shinn et al., 2023; Madaan et al., 2023;
Huang et al., 2023) in the multimodal-action
regime.

Strong single-step skill does not predict multi-
step recovery. Sonnet 4.5 ranks second of eight
on three independent single-step measures: text-
only Move Prediction, d = 1 Teacher Adherence
(TA, fraction of model moves matching an optimal-
solver move), and d = 1 causal forecasting. Yet
it recovers in only 4% of error states, within the
open-weight range (SR= 0–8%). The dissociation
is isolable within a single frontier closed-source
model, ruling out scale or licensing as confounds,
and extends to multimodal action the compositional
limitations Dziri et al. (2023) document in text-only
LLMs.

Causal forecasting collapses with depth. Pre-
action κ separates models into three tiers at d=1
and collapses to two by d=3, where only Gem-
ini retains signal. At d=1, κ predicts closed-loop
TA across the full model set with r=0.995; this
regularity does not survive to d=3.

Our contributions are: (i) Cube Bench, a con-
trolled diagnostic that decomposes the perceive-
forecast-act-reflect-recover loop into seven oracle-
scored tests with strict fairness controls and a re-

leased reproducible generator; (ii) four behavioral
findings that contradict standard claims about mul-
timodal fusion and self-correction, and connect
multimodal-action failures to known compositional
limitations of LLMs (Dziri et al., 2023); (iii) two
mechanistic regularities at d=1, a near-perfect κ-
to-control correlation (r=0.995) and asymmetric
reflection effects (+14 to −63), that hold within
the single-step regime but break with depth.

2 Related Work

We provide a more substantive related work in Ap-
pendix A. Here we provide a very brief overview.

Recent cube-focused VLM/LLM efforts mix
perception, planning, and tooling (e.g., CubeR-
obot, VisionCube, Auto-RubikAI), while earlier
robotics work (Dactyl) highlights actuation con-
founds (Wang et al., 2025b,a; Fan and Yuan, 2025;
OpenAI et al., 2019). Our setting keeps the envi-
ronment compact and oracle-scored to avoid attri-
bution ambiguity. Compared to perception-centric
benchmarks (Russakovsky et al., 2015; Lin et al.,
2014; Johnson et al., 2017; Hudson and Manning,
2019; Sidorov et al., 2020; Masry et al., 2022; Li
et al., 2024; Goyal et al., 2017) and open-web agent
suites (Zhou et al., 2024; Koh et al., 2024), our
benchmark provides (i) deterministic generation
with paired image and text state, (ii) strict I/O with
a small, discrete action set, (iii) fairness controls
that remove answer position bias, and (iv) exact
oracle progress signals grounded in optimal-move
distance (Korf, 1997; Rokicki et al., 2014). This de-
sign yields compact, reproducible measurements of
closed-loop competence and exposes where mod-
ern MLLMs fail to maintain multi-step coherence,
even when single-step perception appears strong.

Concurrent to our work, (Gao et al., 2025) also
proposed the use of the Rubik’s Cube as a bench-
mark for evaluating LLM agents’ spatial reasoning
and long-horizon state tracking. 2

3 Cube Bench: A Diagnostic Protocol

A multimodal model deciding under feedback per-
forms five operations in sequence: it perceives
the current state, forecasts how candidate actions
would change it, acts, reflects on the result, and
recovers if the result was off-trajectory. Standard
multimodal evaluations score the composition of
these operations through a single accuracy number,

2An early version of our work was placed on arXiv on 23
Dec 2025 (Anand and Shareghi, 2025).
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which is informative about a model on average but
uninformative about where the model fails. Cube
Bench is structured to expose the failing operation
rather than aggregate it.

The five operations correspond to the three
claims and the implicit assumption named in § 1.
Perceive, together with the modality conditions of
Act, tests fusion (Claim 1). Forecast tests con-
sequence prediction (Claim 2). Reflect tests self-
correction (Claim 3). Act under multi-step feed-
back combined with Recover tests the implicit skill-
transfer assumption. Each of the seven tests de-
scribed in § 3.2 isolates one operation while hold-
ing the others fixed.

The instrument is bounded by design. Cube
Bench does not measure perception under partial
observability, tool use, or long-horizon planning
beyond five moves. We treat the bound as a feature:
the setting is small enough to control, exact enough
to score without judgment, and uniform enough
across models that any observed inter-model differ-
ence is attributable to the model rather than to the
stimulus. The Limitations section discusses what
the bound implies for external validity.

3.1 Why the Rubik’s Cube
The Rubik’s Cube combines four properties that
we are not aware of in any other setting suitable for
behavioral analysis of MLLMs.
Exact transition model. Move semantics are de-
terministic and lossless; the simulator’s next state
matches what any rule-following solver would com-
pute.
Oracle distance to solved. For any state, an op-
timal IDA* solver (Korf, 1997; Kociemba, 2025)
returns the exact minimum number of moves to
the solved configuration under the face-turn metric.
We can therefore score progress at every step, not
only terminal success.
Paired modalities, both authoritative. Every
state is rendered as an unfolded cube-net image
and serialized as a canonical text string; either rep-
resentation fully specifies the state. This property is
what makes fusion testable: a model that genuinely
combines vision and text should benefit from re-
ceiving both, while a model that ignores one modal-
ity should not. The implication for the multimodal
claim is taken up in §4.2.
Small discrete action set. The full action set con-
tains 18 face-turn moves; the four-option MCQ
subset we use at each decision point contains four.
Small action sets admit the strict answer-position

controls in §3.3 that larger action spaces cannot
support.

Two existing uses of the Rubik’s Cube should be
distinguished from ours. CubeRobot (Wang et al.,
2025b) and Dactyl (OpenAI et al., 2019) target
physical manipulation policies. Reasoning-gym
(Stojanovski et al., 2025) includes a cube task as an
RL-training environment. Cube Bench is neither: it
is a closed-form behavioral diagnostic for already-
trained models, scored against oracle ground truth.

3.2 Seven Tests
(1) Face Reconstruction. From a cube-net image,
the model outputs the 3×3 grid of sticker colors
on a specified face. Element-wise and exact-match
accuracies measure visual recognition with no deci-
sion component; the test establishes whether vision
alone is the bottleneck for downstream failures.
(2) Cross-Modal Verification. Given a cube im-
age and a text description of the front face, the
model answers Yes (consistent) or No (inconsis-
tent). Items are balanced 50/50 across both labels.
Balanced accuracy measures whether the model
actually compares the two modalities; a model that
ignores either one cannot exceed chance.
(3) Optimal Move Prediction. From a state one
optimal move from solved, the model picks the
unique solving move from four labeled options.
The test is run under three input modalities (image-
only, text-only, and image+text) with prompts, op-
tion sets, and decoding identical across the three
conditions. Comparing accuracies across modali-
ties is the direct empirical test of Claim 1.
(4) Causal Move-Effect. Given a state and a can-
didate move, the model predicts whether apply-
ing the move would INCREASE, DECREASE, or leave
NO_CHANGE the oracle distance, without applying it.
Cohen’s κ is the headline metric, chance-corrected
against each model’s empirical marginal so that
constant-class or marginal-matching predictors do
not score above chance.
(5) Step-by-Step Execution / Closed-Loop. From
a state at depth d ∈ {1, 2, 3, 4, 5}, the model picks
one action per step from four options for up to d
steps; the chosen move is applied and the model
sees the resulting state before the next step. Teacher
Adherence (TA%) is the fraction of the model’s
moves that match an optimal-solver move from the
state the model actually reached. Perfect-Solve%
is the fraction of episodes solved without ever de-
viating from an optimal trajectory.
(6) Reflection-Guided Re-Answering. Starting
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Element-wise Acc. Matrix Acc. Verification (%) @ d = 5

Model d = 1 d = 2 d = 3 d = 1 d = 2 d = 3 Bal. Parse Yes-Rate (%)

Gemma 3-27B 61.9 47.2 36.60 31.00 8.00 3.00 58.00 100.00 70.00
GLM-4.5V 100.00 99.70 98.70 100.00 98.00 96.00 95.00 100.00 55.00
Llama 4-Scout 17B 70.60 41.00 33.20 36.00 7.00 3.00 47.00 100.00 93.00
Qwen2.5-VL-7B 76.20 70.60 62.00 40.00 22.00 13.00 71.30 98.00 57.10
Qwen2.5-VL-32B 84.00 78.80 71.30 68.00 43.00 19.00 81.00 100.00 65.00
Qwen3-VL-Thinking 30B 98.10 95.40 86.70 94.00 78.00 60.00 84.00 100.00 66.00
Gemini 2.5 Pro 100.00 98.80 96.80 100.00 90.00 84.00 100.00 100.00 52.00
Claude Sonnet 4.5 100.00 100.00 99.77 100.00 100.00 98.00 100.00 100.00 52.00

Table 1: Left: Cube Face Reconstruction reported as element-wise (per-sticker) accuracy and exact 3×3 matrix
accuracy at depths d ∈ {1, 2, 3}. Right: Cross-modal Yes/No Verification at fixed depth d = 5 with Bal=(TPR+
TNR)/2, Parse=% outputs matching Answer: Yes|No, and Yes-Rate=% of "Yes" responses (50 = balanced,
deviation in either direction indicates bias)

from items in Test 3, the model is asked to reflect
on its initial answer and emit a revised final answer.
We report two conditions: a redacted default in
which the correct option is hidden during reflection,
and an unredacted oracle ablation that establishes
an upper bound. The redacted reflection prompt
does two things to every item, including the ini-
tially correct ones, since truthful per-item feedback
would leak the label: it asserts that the previous an-
swer was wrong, and it shows the model the option
it previously chose. Section 4.4 separates these two
components experimentally. Error-Fix Rate (EFR)
counts initially-wrong items corrected after reflec-
tion; Overthink Rate (OTR) counts initially-correct
items flipped to wrong.
(7) Learning Curve / Recovery. Beginning at the
first state where the model deviates from the op-
timal trajectory in a closed-loop rollout at d=3,
we grant the model a six-attempt budget to re-
enter a solving trajectory; the model’s chosen
move is always applied regardless of whether it
makes progress. Solve Rate (SR) is the fraction of
episodes solved within budget. P (1) and P (≤3)
are the fractions solved within one and three at-
tempts respectively, measuring immediate versus
near-immediate repair.

3.3 Fairness Controls

Several observations in § 4 hinge on controls that
prevent shortcut strategies. We summarize the
load-bearing items here; full protocols are in Ap-
pendix B & C.
Deterministic episodes across models. Each
episode at depth d uses a fixed seed equal to its
index. All evaluated models therefore see the same
scrambles, the same prompt, and greedy decoding;
option sets are shared for Tests 1–5 but redrawn per
run in Test 7 (Appendix C.9.2). Any inter-model

variation reflects model behavior rather than stimu-
lus variation.
Deterministic answer-position balancing. For
the single-step multiple choice items (Test 3), the
correct option’s letter is assigned by a round-robin
over A-D keyed to the item index, and the three dis-
tractors are placed by an item-seeded permutation.
The correct letter distribution is therefore exactly
uniform over A-D rather than uniform in expec-
tation, and no model can gain from a fixed-slot
preference. Because the assignment is a function
of the item index alone, every model sees identical
option sets (Appendix C.3.2). Test 7 is the docu-
mented exception: its options are permuted by an
independent full-entropy source, so its slot priors
are flat only in expectation (Appendix C.9.2)
Strict parsing protocol without retries. The
model must emit its answer via <ANSWER> X
</ANSWER> or ANSWER: X, where the separator may
be : or =; where several answer tags appear, the
first is chosen. Any other output is a parse failure;
parse failures count as errors and the environment
does not advance. Balanced accuracy (Test 2) ex-
cludes unparsed items. There is no resampling. We
report parse rates alongside accuracies so that in-
struction following deficits cannot masquerade as
reasoning competence.
Explicit chance baselines. Per-step four option
MCQ accuracy has a chance baseline of 25%
(Test 3, Test 5 at d=1, and the initial and final accu-
racy components of Test 6). Teacher adherence at
d > 1 is not a per-step accuracy: an episode halts
at its first non-optimal move while the denominator
remains d, so its chance baseline falls with depth
as p(1 − pd)/(d(1 − p)), giving 28, 18, 13, 10, 8
for d=1 . . . 5 at the empirical p=0.28. Test 2 re-
ports balanced accuracy with a chance baseline
of 50%. Cohen’s κ in Test 4 is chance-corrected
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I+T I T

Model Acc Pa. Acc Pa. Acc Pa. ∆img

Gemma 3-27B 33 100 27 100 31 100 +2
GLM-4.5V 31 98 21 98 28 96 +3
Llama 4-Scout 17B 18 100 16 100 25 100 −7
Qwen2.5-VL-7B 19 100 18 100 26 100 −7
Qwen2.5-VL-32B 28 100 27 100 26 100 +2
Qwen3-VL-Thinking 30B 23 86 19 98 32 77 −9
Gemini 2.5 Pro 96 100 92 100 80 100 +16
Claude Sonnet 4.5 64 100 52 100 66 100 −2

Table 2: Optimal Move Prediction at d=1: top-1 ac-
curacy (%) and parse rate (Pa., %) by modality, with
non-parsing outputs scored incorrect. ∆img = I+T −T
isolates the image contribution when text is available.
Items and option-shuffle seeds are matched across rows
and conditions; n = 100 for the six open-weight mod-
els, n = 50 for the two frontier models.

by construction, so its chance baseline is κ = 0.
Solve rates and P (1) in Test 7 depend on the post-
error state distribution; we report Wilson 95% con-
fidence intervals. All proportion CIs are Wilson
score intervals at α = 0.05 (z = 1.96); sample
sizes per test are given in each table caption.
Identical metric for scrambling and scoring. The
face-turn metric (FTM) is used both to generate
scrambles and to compute oracle distances. A
model is never penalized under a metric different
from the one that defined the task.

4 Experiments

We evaluate eight MLLMs spanning five ven-
dors and scales from 7B to frontier: Gemini 2.5
Pro (Google) (Google, 2025), Claude Sonnet 4.5
(Anthropic) (Anthropic, 2025), Gemma 3-27B
(Google) (Team et al., 2025a), GLM-4.5V (Z.ai)
(Team et al., 2025b), Llama 4-Scout-17B:16E
(Meta) (Meta AI, 2025), Qwen2.5-VL-7B/32B-
Instruct (Bai et al., 2025), and Qwen3-VL-30B-
A3B (Team, 2025). Closed-source models (Gemini
2.5 Pro, Claude Sonnet 4.5) are accessed through
their official APIs; open-weight models are run lo-
cally on NVIDIA A100-80GB GPUs with vLLM
(Kwon et al., 2023), bf16, default chat templates,
and request-level batching for throughput. De-
coding is greedy (temperature 0) with a large
max_new_tokens cap, identical prompts per task
and modality, and a fixed FTM per run. Gemini
additionally used an 8192-token thinking budget;
none was requested for any other model, and per-
depth seed lists will be released with the code.

Parsing is strict: one-line an-
swers of the form A–D, Yes|No, or
|DECREASE|NO_CHANGE|INCREASE|, with any
deviation counted as an error. Per-condition N is

Model d=1 d=2 d=3

Acc. F1 κ Acc. F1 κ Acc. F1 κ

Gemma 3-27B 32.00 0.30 -0.025 31.50 0.309 -0.027 27.00 0.262 -0.099
GLM-4.5V 36.00 0.31 0.0014 30.00 0.25 -0.0856 29.00 0.237 -0.1011
Llama 4-Scout 17B 28.50 0.27 -0.084 27.75 0.27 -0.079 27.25 0.27 -0.084
Qwen2.5-VL-7B 37.00 0.21 0.0024 35.75 0.20 0.00059 36.50 0.20 0.00902
Qwen2.5-VL-32B 32.20 0.25 -0.074 39.30 0.316 0.0403 41.25 0.335 0.0859
Qwen3-VL-Thinking 30B 33.00 0.29 -0.029 32.00 0.269 -0.034 35.72 0.306 0.022
Gemini 2.5 Pro 79.00 0.78 0.680 65.00 0.632 0.475 62.00 0.606 0.439
Claude Sonnet 4.5 59.50 0.58 0.376 40.00 0.35 0.076 36.50 0.31 0.023

Table 3: Move-Effect results at scramble depths d ∈
{1, 2, 3}. Acc. is micro-accuracy; F1 is macro-F1
over {DECREASE, NO_CHANGE, INCREASE}; κ is
Cohen’s chance-corrected agreement (chance baseline
κ = 0).

fixed within each model group for Tests 1–5 and
7: N = 100 for the six open-weight models and
N = 50 for the two frontier models. Items are
a function of the item index alone for Tests 1–5,
so the frontier item sets are a prefix of the
open-weight ones and cross-model comparisons
stay paired on identical items; Test 7 redraws
its option sets per run and is therefore neither
item-paired across models nor reproducible across
runs. In Test 6 (Reflection-Guided Re-Answering),
compute constraints at the time of running forced
N to vary by model (25–100; see Table 5 and
Appendix Table 12); we report 95% Wilson
intervals so that paired vs. unpaired contrasts can
be read directly.

Coverage is complete: all eight models are eval-
uated on all seven tests. One caveat applies to Test
6 (Reflection-Guided Re-Answering) for Gemini
2.5 Pro: at 86% initial accuracy, its EFR is com-
puted over seven initially-wrong items and is in-
dicative only, whereas its OTR, computed over the
43 initially-correct items, is well powered.

4.1 Perception: Reconstruction and
Verification

Before testing behavioral claims, we bound the
perception floor against which downstream results
must be read. Tests 1 and 2 are perception con-
trols, not challenge tasks: ceiling results here are
informative rather than a sign that the benchmark
is too easy, since they are what licenses attribut-
ing a model’s later collapse to behavior rather than
perception. Making these controls harder would
weaken that inference. We evaluate Face Recon-
struction (output the 3×3 Front face from a ren-
dered cube net) and Cross-Modal Verification (de-
cide whether a textual state matches a rendered
image; balanced Yes/No items).
Results. The top four (Sonnet, Gemini, GLM,
Qwen3) exceed 80% element-wise and clear the
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With clause Clause removed

Model T I+T ∆img I+T ∆img

Claude Sonnet 4.5 66 62 −4 55 −11
Gemini 2.5 Pro 80 96 +16 93 +13

Table 4: Authority-clause ablation for Optimal Move
Prediction (d = 1; identical items, 100% parse rate).
Both I+T columns are an n=100 re-run; T is carried
from Table 2, where the two frontier models are n=50.
Sonnet’s with-clause ∆img is therefore −4 here against
−2 in Table 2. See Appendix D.3.2.

constant-answer baseline of §C.1.2 by 33–39
points; Gemma 3 and Llama 4-Scout fall below
that baseline at every depth (Table 1, left). Ex-
act matrix accuracy is uniformly lower, since one
misplaced sticker zeroes the item. At Verification
(d=5), the same top four clears 80% balanced accu-
racy (Table 1, right), with parse rates ≈ 100%, so
the residual gap is discrimination, not formatting.
Takeaway. Perception is not the binding constraint
for the models that carry the downstream argu-
ments. Where Move Prediction, Closed-Loop Ad-
herence, or Recovery fails for a model with near-
ceiling verification (GLM, Sonnet; §4.2-§4.6), the
failure is behavioral, not perceptual. We make no
such attribution for Gemma 3 or Llama 4-Scout,
which do not beat that baseline.

4.2 Optimal Move Prediction

Multimodal LLMs are assumed to fuse image and
text into a representation more useful than either
alone: performance should order I+T > I > T
(Alayrac et al., 2022). We test this with a 4-option
MCQ at d=1 under each input condition (Table 2.

Only Gemini fuses substantively. ∆img =
I+T − T is positive and substantive only for Gem-
ini (+16). Four models score strictly higher on text-
only than on image+text: Qwen3 (−9), Llama 4
(−7), Qwen2.5-VL-7B (−7), and Sonnet 4.5 (−2).
The remaining three (Gemma, GLM, Qwen2.5-
VL-32B) clear T with I+T by only 2–3 points.
Qwen3’s −9 is partly explained by its 77% text-
only parse rate; the other three text-biased models
parse at 100% on every condition, so their gap is
substantive. Sonnet 4.5 is the load-bearing case:
a frontier closed-source model parsing at 100%
across modalities and still showing T > I+T .

The authority clause is not the cause. The I+T
prompt marks the textual state as authoritative
where the two disagree. If that clause suppressed
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Figure 1: Move-Effect κ vs. Closed-Loop TA% at depth
d=1. Pearson r = 0.995 (95% CI [0.969, 0.999]); least-
squares fit shown.

image use, removing it should make ∆img more
positive; it does the opposite (Table 4). Sonnet falls
from −4 to −11, with text-only unchanged at 66;
the 62 → 55 change is not itself significant (exact
McNemar, p=0.32), so the clause is best read as
inert rather than helpful. Gemini keeps a large pos-
itive contribution in both conditions and preserves
the I+T > I > T ordering. The bias also appears
where the clause never applied: Sonnet scores 52
image-only against 66 text-only (Table 2).
Takeaway. The prompt marks text as authorita-
tive when present (§3.2). This does not preclude
I+T > T under any standard fusion account: im-
age is free to supply complementary signal. That
seven of eight models do not gain meaningfully
from image when text is available is evidence about
fusion behavior, not a prompt artifact (Table 4).

4.3 Causal Move-Effect

Pre-action causal forecasting separates three
tiers at one move and collapses to two by three.
At d=1, κ sorts models into three tiers (Table 3):
Gemini 2.5 Pro (κ=0.68), Claude Sonnet 4.5
(κ=0.376), and six open-weight models at chance
under Cohen’s κ (−0.084 to +0.002). By d=3 the
tiers collapse to two: Gemini retains meaningful
forecasting (κ=0.44), while Sonnet has fallen to
chance (κ=0.023, inside the open-weight range), a
94% loss of d=1 signal against Gemini’s 35%. A
frontier closed-source MLLM with genuine d=1
signal losing it by d=3 is the load-bearing obser-
vation: short-horizon causal evaluation does not
survive scrambling, even for models that retain it
at one move.
κ predicts closed-loop control at one move, and
only at one move. At d=1, pre-action κ and
closed-loop Teacher-Adherence (§4.5) are tightly
coupled across the full eight-model set: Pearson
r=0.995 (95% CI [0.969, 0.999]; Figure 1). Son-
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net 4.5 sits as an interior point on the regression line
(predicted TA ≈ 62, observed 66), confirming the
relationship as continuous rather than a two-cluster
artifact. The law is regime-bounded: at d≥2 the
open-weight cluster collapses to the origin while
Gemini degrades but stays distinct (per-depth plots
in Appendix E.1), so κ-as-predictor characterizes
the single-step regime alone. Multi-step recovery
is governed by capabilities that this law does not
index; we document the resulting dissociation in
§4.6.
DECREASE blindness is the behavioral default
of current MLLMs. Seven of eight evaluated mod-
els, spanning open-weights at 7B to frontier closed-
source at 100% (99.83% on this task) parse compli-
ance, produce prediction mixes biased toward IN-
CREASE (55–75% predicted INCREASE against
a gold rate of ≈ 36%). Qwen2.5-VL-32B’s small κ
gains at higher d (−0.074 → 0.040 → 0.086) are a
prior-alignment effect: as the depth-wise class prior
places more mass on INCREASE, micro-accuracy
edges up while κ stays near zero because chance-
correction adjusts for the skewed prediction mix.
The presence of the same bias in Sonnet 4.5 rules
out the open-weight-scale reading of this pattern.
Gemini alone calibrates; the remaining seven, in-
cluding a frontier closed-source MLLM, treat most
moves as “making things worse”.
Takeaway. (i) κ, not Micro, is the metric that ex-
poses population-level prediction-mix biases that
depth-dependent priors otherwise hide. (ii) The
r=0.995 κ-TA correspondence is a one-step reg-
ularity; reviewers and downstream work should
not extrapolate it to multi-step settings, where §4.6
shows it breaks. (iii) DECREASE blindness is a
property of current MLLMs broadly, not of open-
weight scale or licensing, and is a candidate mech-
anism behind the universal P (1)=0 result in §4.6.

4.4 Reflection-Guided Reasoning
Reflection without access to the gold answer is not
a uniformly positive intervention. GLM-4.5V loses
20 percentage points after a single reflection pass
(Table 5), collapsing from 36% to 16%. Two thirds
of the items GLM initially got right are flipped
to wrong (OTR = 66.67%), while only 6.25% of
wrong items are corrected (EFR). Gemma-3-27B
shows no net benefit (∆ = 0): EFR (30%) and
OTR (70%) cancel exactly. At the other end, Llama
4-Scout-17B and Qwen2.5-VL-7B both gain +14
and +11 points respectively (EFR 20-30%, OTR 40-
65%), Qwen2.5-VL-32B gains +10 (EFR 34.7%,

Model N ∆ ↑ EFR (%) ↑ OTR (%) ↓
Gemma 3-27B 100 0.0 30.00 70.00
GLM-4.5V 25 -20.0 6.25 66.67
Llama 4-Scout 17B 50 +14.0 20.00 40.00
Qwen2.5-VL-7B 100 +11.0 30.00 65.00
Qwen2.5-VL-32B 100 +10.0 34.67 64.00
Qwen3-VL-Thinking 30B 50 +6.0 27.78 50.00
Gemini 2.5 Pro 50 -30.0 71.43 46.51
Claude Sonnet 4.5 2×50 -63.0 19.23 91.89

Table 5: Reflection-guided re-answering for redacted
Optimal Move Prediction. ∆: accuracy change; EFR:
errors corrected; OTR: correct answers flipped. Im-
age+Text, T = 0, strict A–D parsing; N = 25–100.
Wilson 95% CIs are in Appendix E.2. Sonnet pools two
runs (OTR CI: [83.4, 96.2]); Gemini EFR is based on
seven errors.

OTR 64%), and Qwen3-VL-Thinking gains a mod-
est +6 (EFR 27.8%, OTR 50%). Both frontier mod-
els regress sharply: Sonnet 4.5 loses 63 points
(OTR = 91.9%) and Gemini 2.5 Pro 30 (OTR
= 46.5%), the latter despite being the most robust
model we tested. Four of eight models gain, one
is flat, and three regress; the net effect is entirely
determined by the EFR-OTR balance. Reflection
benefits reported for text-only LLMs (Shinn et al.,
2023; Madaan et al., 2023) do not transfer cleanly
to the multimodal-action regime.

Unredacted (oracle hint) ablation. Table 5 re-
ports the “Guided (Redacted)” regime, in which
reflection operates without access to the gold an-
swer. We additionally evaluated a leaky “Guided
(Unredacted)” regime in which the reflection
prompt includes the correct option as an oracle
hint, establishing an upper bound on reflection-
driven gains. The Unredacted regime was run on
the six open-weight models, all of which improve
sharply: GLM-4.5V and Llama 4-Scout-17B:16E
climb from 36% and 10% initial accuracy to 100%
(gains of +64 and +90 points); the Qwen models
jump to 59-72% final accuracy with gains of +42
to +50 points; and Gemma 3-27B rises from 29%
to 81%. The contrast between the two regimes
is direct evidence of a generation discrimination
asymmetry: every model can rationalize toward the
correct option when shown it, but under fair condi-
tions a single reflection pass helps some models and
hurts others. Takeaway. The 81-100% Unredacted
final accuracy versus −63 to +14 Redacted instan-
tiates the generation-discrimination asymmetry of
West et al. (2024) in the multimodal-action regime:
each of these models can identify the correct option
when shown it, but only some produce it under fair
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conditions.
What drives the abandonment. The redacted
prompt applies two components to every item, in-
cluding the initially correct ones (§3.2): it states
that the answer was wrong, and it shows the
model its own previous choice. We vary these
independently in a 2×2 design on Sonnet (N=50
per cell, two replicates; full cell estimates in Ap-
pendix C.4.2, Table 7). All arms reuse a single
draft pass, so every contrast is item-paired and ex-
act McNemar applies over the 37 initially correct
items.

The two components separate cleanly. With
the choice revealed, OTR is 91.9% [83.4, 96.2]
when the prompt asserts the answer was wrong and
86.5% [76.9, 92.5] when it never does; with the
choice hidden it falls to 35.1% [25.2, 46.5] and
37.8% [27.6, 49.2]. Every one of the eight paired
reveal contrasts is significant (p ≤ 2.7×10−4),
while every one of the eight assert contrasts is null
(p ≥ 0.12): a prompt that never claims the an-
swer is wrong still triggers abandonment once the
choice is shown, and hiding the choice returns OTR
to the mid-thirties whether or not the error is as-
serted. The trigger is the re-presented answer, not
the claim that it was wrong.
This is not an inability to re-solve. With the
choice hidden, Sonnet recovers to 50–64% final
accuracy against 74% initially. Gemini is the
cleaner case: hidden-choice final accuracy is 88–
90% against 86% initially, a positive delta, while
the same items with the choice revealed collapse to
56% (OTR 46.5 revealed versus 7.0 hidden; paired
exact McNemar p = 7.6×10−5). The capacity to
re-derive the answer is intact; only re-presentation
triggers the collapse.
The mechanism is exclusion, not re-derivation.
When its answer is shown back, Sonnet avoids that
option in 88–98% of items and spreads its new
choice uniformly over the remaining three (Ap-
pendix C.4.2). Uniform selection among three op-
tions caps accuracy at 33%, and the observed final
accuracies fall below the 25% four option floor:
the model treats its prior answer as an option to
exclude rather than a hypothesis to verify, refining
the challenge-robustness reading of Huang et al.
(2023). Nor is the protocol mechanically coercive:
the revealed protocol yields OTR between 40.0 and
70.0 across the six open-weight models in Table 5.
This bears directly on self-critique systems, which
necessarily pass the previous answer into the next
step. The 2×2 is run on Sonnet only; Gemini con-
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Figure 2: Step-by-step closed-loop results. TA% is
Teacher-Adherence, i.e., avg correct steps

d ×100. Perfect% is
the share of episodes with perfect teacher adherence. Ac-
curacies use unconditional denominators. Bands (w.r.t
TA%): 0–20% 20–60% 60–100% .3

tributes the reveal versus hidden contrast but has
no assert arm.

4.5 Closed-Loop Control
Frontier adherence decays to chance; the open-
weight models never leave it. TA is read against
the chance curve of §3.3 (28, 18, 13, 10, 8). Both
frontier models begin far above it and end on it:
Gemini falls from TA = 90 at d=1 (+62 over
chance) to 10 at d=5 (+3), and Sonnet 4.5 from
66 (+38) to 10 (+2), crossing into the red band
between d=3 and d=4 (66 → 31 → 17 → 10 →
10). The six open-weight models cluster between
TA = 16 and 26 at d=1, at or below the 28 chance
level, and track it thereafter, so their curves show
the decay the metric imposes rather than a loss of
skill: only adherence above chance can be seen to
collapse. 4

Takeaway. Both frontier models lose their en-
tire margin over chance between d=1 and d=5,
so single-move comparisons generalize poorly to
multi-step settings. The failure is planning, not
perception: models with near-ceiling reconstruc-
tion and verification (GLM, Qwen3; §4.1) sit at the
chance curve from d=1 onward. This attribution
is by design, since we show only the current state
St rather than the trajectory (S0, a0, . . . , St), so
closed-loop adherence isolates state tracking and
planning from temporal context retrieval (the Limi-
tations section discusses transfer implications).
History does not rescue adherence. We test that
choice at d=3 on both frontier models, giving one

3Llama4 and Qwen3 are omitted from the grid for clarity;
their TA(d) curves fall inside the open-weight cluster shown
and exhibit the same depth collapse pattern.

4d=4 → d=5 inversion visible for two models in Figure 2
is within Wilson 95% CI noise at n=50 and is not interpreted.
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arm the full trajectory and replaying each episode’s
first move into both arms so that from step 2 they
face the same state (Appendix C.7). Adherence
does not improve in either model and the two
disagree in sign (Sonnet 17.0 → 20.4, Gemini
47.3 → 40.0); neither controlled step 2 contrast
is significant, and history reduces neither repeated
moves nor revisited states. Presentation is not the
binding constraint; the failure is planning.
An explicit IDK action (Kalai et al., 2025) changes
nothing: no model abstained at n=100 (Ap-
pendix C.6).

4.6 Learning-Curve / Recovery
Each Learning Curve episode runs its own closed-
loop rollout at scramble depth d = 3 and begins
recovery at the first off-trajectory state the model
produces there, granting the model a six-attempt
budget to re-enter a solving trajectory (Table 11).
The model’s chosen move is always applied, regard-
less of whether it makes progress, and the model
sees each resulting state before its next attempt. We
run n = 50 episodes per model.
No model recovers within one attempt. Across
eight evaluated MLLMs (five vendors, 7B to fron-
tier), P (1) = 0: no model returns to a solving
trajectory on the move immediately following an
off-trajectory action (Table 6). Within a six-attempt
budget, only Gemini achieves non-trivial recov-
ery (SR = 40%, P (≤ 3) = 0.40); every other
model clusters at SR ≤ 8%. This is direct evi-
dence against the strong reading of self-correction
claims for the multimodal-action regime (Shinn
et al., 2023; Madaan et al., 2023; Huang et al.,
2023): no model repairs even half of error episodes,
and none repair within one attempt.
Recovery failures look like exhaustion, not di-
vergence. Low-SR models drift to the budget limit
rather than diverge from the solving trajectory. Ev-
ery episode enters the recovery phase at the model’s
first non-optimal move or parse failure, and Sonnet
4.5’s Avg@All = 5.9 sits inside the open-weight
cluster’s 5.88 to 6.00, well above Gemini’s 4.80.
Models with SR ≤ 8% keep trying, rarely find a fix,
and exhaust the budget. Extending the budget is
unlikely to help: the failure mode is not premature
termination.
Single-step skill does not predict multi-step re-
covery. Sonnet 4.5 is the cleanest case. Behind
only Gemini, it places second of eight on three
independent single-step measures: Move Predic-
tion text-only = 66% (Table 2), closed-loop adher-

Model SR 95% CI P P Med@ Avg@
(1) (≤ 3) Solved All

Gemini 2.5 Pro 40.00 [27.61, 53.82] 0.00 0.40 3.00 4.80
Qwen2.5-VL-7B 8.00 [3.15, 18.84] 0.00 0.04 4.50 5.88
Llama 4-Scout 17B 6.00 [2.06, 16.22] 0.00 0.00 6.00 5.98
Gemma 3-27B 4.00 [1.10, 13.46] 0.00 0.04 3.00 5.88
Claude Sonnet 4.5 4.00 [1.10, 13.46] 0.00 0.02 3.50 5.90
GLM-4.5V 2.00 [0.35, 10.50] 0.00 0.02 2.00 5.92
Qwen3-VL-Thinking 30B 2.00 [0.35, 10.50] 0.00 0.01 5.00 5.94
Qwen2.5-VL-32B 0.00 [0.00, 7.14] 0.00 0.00 N/A 6.00

Table 6: Recovery performance over 50 episodes per
model (Test 7; six attempts from the first off-trajectory
state of a d=3 rollout). SR: solve rate with Wilson
95% CI; P(1) and P(≤ 3): solved within one and three
attempts; Med@Solved: median attempts for solved
episodes; Avg@All: mean attempts, counting failures
as six.

ence at d=1 TA = 66% (Figure 2), and one-move
causal forecasting κ = 0.376 (Table 3), with per-
ception at ceiling on both controls (Table 1). No
upstream representational bottleneck is available
to explain what follows: on recovery Sonnet sits at
SR = 4%, indistinguishable from Gemma (4%) or
Llama (6%). The metrics that predict d=1 control
therefore do not predict d=3 recovery, consistent
with prior NLP results that strong local reasoning
fails to compose into reliable multi-step behavior
(Dziri et al., 2023; West et al., 2024; Saparov and
He, 2023; Valmeekam et al., 2023).
Exact d(s) at every state also makes these budgets
a test-time compute scaling instrument, separating
proposal from selection (Appendix C.10).

5 Conclusion

Cube Bench tests four assumptions about mul-
timodal LLMs under matched conditions across
eight models: that they fuse vision and text, fore-
cast an action’s consequences, recover from their
own mistakes, and carry single-step skill into multi-
step behavior. None holds without qualification.

Only Gemini 2.5 Pro shows the canonical fusion
ordering by a substantive margin; seven of eight do
not benefit meaningfully from added images when
text is available. Causal forecasting collapses with
depth, retaining a signal at one move that vanishes
by three for all but Gemini. No model recovers
from its own error within one attempt. Claude
Sonnet 4.5 makes the dissociation explicit: second
of eight on three independent single-step measures,
yet within the open-weight range on recovery.

Progress will require explicit mechanisms for
pre-action evaluation, selective control, and recov-
ery. Cube Bench is a small, oracle-scored instru-
ment for studying them in successor models.
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Limitations

Cube Bench uses oracle-scored tasks with exact
transition models, small discrete action sets, and
states fully specified by text. This cleanly attributes
inter-model differences (§4) to the models them-
selves, avoiding stimulus noise, partial observabil-
ity, or judgmental scoring. While numerical gaps
may not transfer to embodied robotics, web agents,
or partially observable natural-language tasks, the
observed failure modes under these pristine con-
ditions (P (1) = 0 across eight MLLMs; frontier-
adjacent local skill at d = 1 vs. floor-level recovery
at d = 3) establish credible behavioral patterns that
open-ended evaluations would struggle to isolate.

Text as authoritative. When both modalities are
present, text is authoritative. This does not weaken
our multimodal claims for two reasons. First, seven
of eight MLLMs (including Claude Sonnet 4.5,
which has 100% parse compliance across modali-
ties) fail to benefit from added images; four score
strictly higher on text-only. This reveals actual
fusion behavior, not a prompt artifact: removing
the clause and re-running on identical items makes
Sonnet’s image contribution more negative, not
less (Table 4). Second, genuine fusion remains
possible: Gemini 2.5 Pro achieves the canonical
ordering (image+text > image > text). Most models
failing to benefit from both modalities is a finding,
not a methodological flaw.

Model coverage. We evaluate eight MLLMs
(open-weight 7B to frontier closed-source) from
five vendors (Anthropic, Alibaba, Google, Meta,
Z.ai). We explicitly omit GPT-4o and LLaVA; eval-
uating them would strengthen coverage. Within
our evaluated set, Gemini 2.5 Pro’s Test 6 EFR
rests on seven initially-wrong items and is indica-
tive only; its OTR and every other reported cell are
well powered. Nonetheless, our findings are robust:
text bias spans all vendors and both licensing types,
P (1) = 0 holds universally, and local-to-recovery
dissociation is demonstrable within a single closed-
source frontier MLLM.

Bounded horizon. Depths d ≤ 5 and six-attempt
retry budgets reliably elicit collapse in all evaluated
models. Deeper scrambles only add compute with-
out altering qualitative findings. This bound aids
diagnostic attribution but limits direct transferabil-
ity to long-horizon agent tasks. The claim we make
is therefore bounded: models fail at depth 5 or
less with exact and immediate feedback, not that

no method could ever recover. A longer horizon
would only add more collapse, so the present limit
gives models the easier case rather than a handicap.

Reasoning is not disabled. No prompt sup-
presses reasoning computation. Face Reconstruc-
tion, Optimal Move Prediction and Learning-Curve
ask the model to reason internally and return a sin-
gle parseable line, so the one-line format constrains
the answer rather than the deliberation; Closed-
Loop Step-by-Step goes further and requires an ex-
plicit <REASONING> walkthrough of all four candi-
dates before its answer (Appendix D). For Gemini
2.5 Pro the API reports substantial thinking-token
usage separate from the visible output. Recovery
nonetheless does not track reasoning computation:
Gemini is the strongest recoverer at SR = 40%,
while the reasoning-tuned Qwen3-VL-Thinking
sits at the bottom with 2% and Sonnet 4.5 reaches
4% (Table 6). The failures we report are not an
artifact of withheld chain-of-thought.

Single domain. Cube Bench is a single closed-
form domain. We release a reproducible test gener-
ator to support future domain-transfer studies.

Artifact licensing. The Cube Bench gen-
erator and evaluation harness are released
under the MIT License, and the benchmark
data and prompts under CC BY 4.0, both
permitting research and commercial reuse
with attribution. The bundled optimal solver
(src/cube_bench/optimal/) is derived from
hkociemba/RubiksCube-OptimalSolver and
remains under the GNU GPL v3, so the distributed
package as a whole is GPL v3; the oracle distances
it computes are implementation-independent, so
a future non-copyleft replacement would leave
every reported number unchanged. All evaluated
MLLMs are used under their respective vendor
terms: Gemini 2.5 Pro and Claude Sonnet 4.5 are
accessed through their official APIs in accordance
with Google’s and Anthropic’s usage policies;
open-weight models (Gemma 3, GLM-4.5V,
Llama 4-Scout, Qwen2.5-VL, Qwen3-VL) are
used under their respective model licenses, which
all permit research evaluation and benchmarking.

Use of AI Assistants

We used AI assistants (large language models) for
editorial drafting, grammatical fixes, and LaTeX
formatting during paper preparation. All exper-
imental design, benchmark construction, model
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evaluations, statistical analyses, and final claims
are the authors’ own work. AI-generated text was
reviewed and edited by the authors before inclu-
sion.
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A Related Work

Static perception benchmarks for MLLMs. A
large body of work evaluates multimodal LLMs
on single-shot perception tasks such as classifica-
tion, detection, captioning, VQA, OCR, and charts,
e.g., ImageNet, COCO, CLEVR, GQA, TextCaps,
and ChartQA (Russakovsky et al., 2015; Lin et al.,
2014; Johnson et al., 2017; Hudson and Manning,
2019; Sidorov et al., 2020; Masry et al., 2022).
Probes targeting natural-image spatial relations, no-
tably VSR (Liu et al., 2023a), show that VLMs
systematically fail on orientation-dependent rela-
tions even on static scenes, motivating controlled
diagnostics that isolate the spatial-reasoning com-
ponent from the broader decision loop. Recent sur-
veys synthesize these trends and note rapid leader-
board gains driven by scaling and instruction tuning
(Li et al., 2024). Classic perception datasets (e.g.,
VQAv2) emphasize recognition under short con-
texts and have pushed models toward improved vi-
sual grounding and bias control (Goyal et al., 2017);
ScienceQA further probes multimodal reasoning
with thought chains (Lu et al., 2022). However,
these settings rarely require closed-loop decision
making, where actions alter the state and errors can
compound across steps. Our benchmark targets
this gap by measuring whether models can sustain
improvements over multiple actions, given precise
state feedback.
Interactive / agent benchmarks. Web-scale
agent environments assess language-to-action com-
petence in long-horizon tasks (navigation, form-
filling, retrieval, tool use) (Zhou et al., 2024; Koh
et al., 2024). While such benchmarks capture real-
istic challenges (dynamic pages, delayed rewards,
partial observability), they introduce confounds,
non-deterministic layouts, fragile tool chains, and
evaluation noise, that complicate causal analysis
of failures. We instead adopt a compact, fully con-
trollable domain with deterministic transitions and
exact progress signals, allowing us to isolate where
breakdowns arise (perception, evaluation, selection,
or reflection) without web-induced variance.
Reasoning and control in structured domains.
Structured puzzles and games offer precise state
representations, small action alphabets, and well-
defined optimality notions. For the Rubik’s Cube,
shortest-path structure and the diameter (“God’s
number”) enable oracle feedback about optimal
move distance (Korf, 1997; Rokicki et al., 2014).
Learning-to-search systems such as DeepCubeA

demonstrate scalable RL+search on the cube and
related combinatorial puzzles (Agostinelli et al.,
2019). We repurpose these properties to build an
evaluation, not a solver, so perception and control
can be disentangled and measured reproducibly.
Rubik’s-cube with VLM/LLM and embodied
control. Recent cube-focused VLM/LLM efforts
mix perception, planning, and tooling (e.g., CubeR-
obot, VisionCube, Auto-RubikAI), while earlier
robotics work (Dactyl) highlights actuation con-
founds (Wang et al., 2025b,a; Fan and Yuan, 2025;
OpenAI et al., 2019). Our setting keeps the envi-
ronment compact and oracle-scored to avoid attri-
bution ambiguity.
Self-reflection and tool-augmented prompting.
Interleaving reasoning and acting (or adding self-
critique) can improve sample efficiency but may
also induce instability or “overthinking.” Represen-
tative approaches include Reflexion (Shinn et al.,
2023), Self-Refine (Madaan et al., 2023), ReAct
(Yao et al., 2023b), and analyses of reflection ef-
fects (Renze and Guven, 2024). Our experiments
use a constrained, label-aware reflection protocol
to quantify when reflection repairs errors and when
it degrades coherence, under identical rules across
models.
Positioning. Compared to perception-centric
benchmarks (Russakovsky et al., 2015; Lin et al.,
2014; Johnson et al., 2017; Hudson and Manning,
2019; Sidorov et al., 2020; Masry et al., 2022; Li
et al., 2024; Goyal et al., 2017) and open-web agent
suites (Zhou et al., 2024; Koh et al., 2024), our
benchmark provides (i) deterministic generation
with paired image and text state, (ii) strict I/O with
a small, discrete action set, (iii) fairness controls
that remove answer position bias, and (iv) exact
oracle progress signals grounded in optimal-move
distance (Korf, 1997; Rokicki et al., 2014). This de-
sign yields compact, reproducible measurements of
closed-loop competence and exposes where mod-
ern MLLMs fail to maintain multi-step coherence,
even when their single-step perception appears
strong.

B VirtualCube Implementation Details

B.1 Visual Rendering

To ensure complete state observability and elim-
inate ambiguity caused by occlusion in 3D per-
spective views, we utilize a standardized unfolded
“cube net” visualization for all image-based tasks.
As illustrated in Figure 3, this rendering style flat-
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(a) A solved state. (b) A scrambled state.

Figure 3: Example Rubik’s Cube States. The left
image shows a cube in its fully solved configuration,
where each face consists of a single color. The right
image displays a cube in a scrambled state, typical of a
starting position in a puzzle-solving task.

tens the cube’s state into a 2D plane, exposing all
six faces simultaneously: Top, Left, Front, Right,
Back, and Down. Explicit text labels are rendered
above each face to aid model grounding and ensure
that the orientation is unambiguous.

The background is rendered in a uniform, neu-
tral gray. This design choice maximizes contrast
against the vibrant sticker colors (W, Y, R, O, G, B)
and eliminates potential visual confounders, ensur-
ing that the model’s attention is focused exclusively
on the state configuration rather than background
artifacts.

B.2 Oracle Distance Implementation Details

To ensure reproducible and consistent evaluation
of model performance, we utilize a deterministic
oracle to compute the exact distance-to-solved d(s)
for every state.

B.2.1 Solver Algorithm and Optimality

The oracle distance d(s) is defined as the length of
the strictly shortest path from the current state s to
the solved state in the Face Turn Metric (FTM).

To compute this, we utilize the RubikOptimal
Python library (Kociemba, 2025). Unlike heuris-
tic solvers (e.g., standard Two-Phase algorithms)
which may return suboptimal solution lengths,
RubikOptimal implements an Iterative Deepening
A* (IDA*) search (Korf, 1997) over symmetry-
reduced phase-1 pruning tables computed along
all three axes. This guarantees that for any state s,
the returned distance is the theoretical minimum
(God’s Number):

d(s) = min{|P | : P transforms s → ssolved}

where |P | denotes the path length in FTM.

B.2.2 Metric Definition (Face Turn Metric)
The benchmark strictly adheres to the Face Turn
Metric (HTM/FTM). The solver is configured to
treat the following 18 moves as atomic actions with
a cost of 1:

• Clockwise: U,D, F,B,L,R

• Counter-Clockwise: U ′, D′, F ′, B′, L′, R′

• Double Turns: U2, D2, F2, B2, L2, R2

Slice moves (M,E, S) and wide moves (u, d, f ,
etc.) are not permitted as atomic actions and are
decomposed into their constituent face turns for
distance calculation.

B.2.3 Progress Computation
In the Closed-Loop Step-by-Step task, the oracle
evaluates the transition from state st to st+1 caused
by a model’s chosen action at. We determine if a
step constitutes progress by comparing the exact
oracle distances:

IsOptimal(at) ⇐⇒ d(st+1) < d(st)

Since d(s) is guaranteed optimal, any move sat-
isfying this condition is mathematically proven to
be on a shortest path to the solution.

B.3 Reproducibility and Seed Lists
To ensure exact reproducibility across all models
and runs, we strictly enforce a deterministic gener-
ation protocol. For every episode i at depth d, the
simulator is initialized with seed = i. This deter-
mines the scramble state sd,i, the teacher inverse
plan, and the distractor options. The one excep-
tion is the Learning Curve test, whose scramble is
seeded this way but whose per-step option sets are
drawn from an unseeded RNG (Appendix C.9.2).
Two further caveats concern provenance rather than
the released code. Cross-Modal Verification draws
its mismatch move from a seeded per-item RNG,
and Causal Move-Effect draws its option set the
same way, but both seeding changes postdate the
runs reported in Tables 1 and 3. Re-running either
test from the release therefore yields the same gold
labels, class priors and answer-slot balance, which
are independent of the draw, but not the identical
displayed items.

Parser and reported numbers. The released
parser accepts only the two forms given in §3.3.
Two looser patterns accepted during earlier devel-
opment, a bare <X> letter tag and a raw move inside
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the answer tag, were removed. Only two tests per-
sist raw output: Closed-Loop Step-by-Step (1,612
responses) and Reflection-Guided Re-Answering
(1,540); we re-scanned all 3,152 under both the
strict and the removed patterns. Every one of the
1,598 answer tags holds a bare A–D, and no step-by-
step response parses only under a removed pattern.
Three re-answers (Gemma 3-27B, Redacted) put
a bare move in the answer slot and do; all three
are already logged as parse failures, so no reported
number changes. Optimal Move Prediction uses
the same A–D parser but persisted no raw output,
so its parse rates (Table 2) stand as computed at
run time; Reconstruction and Verification use sep-
arate colour-matrix and Yes|No parsers, to which
the removed patterns never applied.

We will provide the full metadata for these
episodes in the code package. Future benchmarks
can strictly replicate our test set by loading these
pre-generated configurations or by re-running the
generator with the same seed integers.
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C Detailed Task Specifications and
Fairness Control

C.1 Cube Face Reconstruction

C.1.1 Definition

Let I be the input image and M⋆ ∈ V3×3 the
ground-truth face matrix over vocabulary V . The
model outputs M̂ = f(I) after normalization N(·).
Element-wise accuracy is

Accelem =
1

9

3∑

i=1

3∑

j=1

1{N(M̂ij) = M⋆
ij},

and matrix accuracy is Accmat = 1{N(M̂) =

M⋆}. Parse-violations are counted when N(M̂) /∈
V3×3 (wrong shape/tokens).

C.1.2 Generation & Fairness Controls

Images are generated with VirtualCube using a
fixed camera pose, a standard color scheme, and
random cube states sampled by scramble depth d.
At d=3 the draw is rejection-sampled so that no
colour occupies more than six of the nine stickers
on the queried face, re-scrambling under a derived
seed until the constraint holds; no cap applies at
d≤2. An item that fails the constraint after 50 at-
tempts is accepted anyway and excluded from the
colour-deviation statistic below. We measure and
report the maximum deviation of the color-token
prior from uniform for each run rather than en-
forcing a bound on it. At shallow depths the front
face is dominated by the solved color by construc-
tion, and the observed deviation is 0.60, 0.40, and
0.28 at d = 1, 2, 3 respectively; element-wise ac-
curacy at these depths should be read against that
prior rather than against a uniform-color baseline.
The concrete reference point is a constant-answer
strategy that names the solved colour for all nine
stickers without consulting the image: on the re-
leased item stream it scores 77.0, 58.8 and 46.2
element-wise at d = 1, 2, 3 (mean 60.7), and 31, 6
and 0 on exact matrix accuracy. The renderer ap-
plies no motion blur, lighting variation, or rotation
jitter.

C.2 Cross-Modal Verification

C.2.1 Definition

Let I be the cube-net image, h the front-face hy-
pothesis, and y ∈{YES, NO} the truth label com-
puted from the rendering state. The model outputs

ŷ∈{YES, NO} after normalization. Balanced ac-
curacy:

BAcc = 1
2

(
Pr[ŷ = YES | y = YES]+

Pr[ŷ = NO | y = NO]
)
.

Parse-violations occur when the response lacks
a valid Yes/No tag.

C.2.2 Generation & Fairness Controls
Hypotheses are auto-derived from ground-truth
states produced by VirtualCube. We enforce a
50/50 Yes/No prior per depth: even item indices
pair the text with the image of the very state it de-
scribes, and odd indices perturb the image state
by one move. That move is drawn only from the
fifteen face turns that act on the Front face, i.e. all
but B, B′ and B2, so the perturbation is placed
on the face the model is asked about rather than
on an unqueried one. Because the move permutes
Front stickers, the rendered face is unchanged in
the rare case that the permuted stickers share a
colour, which affects 0.8% of mismatch items at
d=5. Ambiguous references are excluded.

C.3 Optimal Move Prediction (Static MCQ)
C.3.1 Definition
Let T (s, a) be the transition and d(·) the fixed
distance (FTM/HTM). For a one-move scramble
s = T (s⋆, as),

y = arg min
a∈{aA,aB ,aC ,aD}

d(T (s, a))

and at d=1, y = a−1
s .

A prediction ŷ ∈ {A,B,C,D} is correct iff ŷ = y.

C.3.2 Generation & Fairness Controls
We fix n_moves=1 so the gold action is the in-
verse of the scramble (unique-optimal under the
chosen metric). Camera pose/colors match Recog-
nition/Verification; the text serialization reuses the
same normalization. The correct option’s letter is
assigned by a round-robin over A–D keyed to the
item index, and the three distractors are placed by
an item-seeded permutation; the correct-letter dis-
tribution is therefore exactly uniform, and every
model sees identical option sets.

C.4 Reflection-Guided Reasoning
C.4.1 Definition
Let I = {1, 2, . . . , N} be the set of N test items.
For each item i ∈ I:
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• si is the sample data (cube state, options A, B,
C, D).

• gi ∈ {A,B,C,D} is the ground-truth correct
(gold) answer.

• ŷi,1 is the initial "Draft" choice from the
model.

• ŷi,2 is the final "Re-answer" choice from the
model, after processing reflection ri.

• 1{·} is the indicator function.

We define the initial accuracy (score) ai,1 and final
accuracy ai,2 for item i:

ai,1 = 1{ŷi,1 = gi}ai,2 = 1{ŷi,2 = gi}

To define EFR and OTR, we partition the total set
I based on initial performance:

• Initially Wrong Set (IW ): IW = {i ∈ I |
ai,1 = 0}. Let NW = |IW |.

• Initially Correct Set (IC): IC = {i ∈ I |
ai,1 = 1}. Let NC = |IC |.

(Note: NW +NC = N ).

Initial Acc. The accuracy before reflection (from
the "Draft" phase).

Initial Acc =
1

N

N∑

i=1

ai,1

Final Acc (All). The accuracy after reflection and
re-answering, measured over all N items.

Final Acc (All) =
1

N

N∑

i=1

ai,2

Gain (∆). The net gain in accuracy after reflec-
tion.

∆ = Final Acc (All) − Initial Acc

Error-Fix Rate (EFR). The fraction of previ-
ously incorrect items (IW ) that were corrected in
the "Re-answer" phase.

EFR =

{
1

NW

∑
i∈IW ai,2 if NW > 0

NaN if NW = 0

Overthink Rate (OTR). The fraction of previ-
ously correct items (IC) that were flipped to wrong
in the "Re-answer" phase.

OTR =

{
1

NC

∑
i∈IC (1− ai,2) if NC > 0

NaN if NC = 0

C.4.2 Generation & Fairness Controls

Items are rebuilt deterministically via per-index
seeds; A-D options are fully shuffled; the FT-
M/HTM distance metric is fixed per run. The re-
answer prompt defines the deterministic tie-break
(A > B > C > D) and the strict output format.
The redacted reflection prompt asserts that the
previous answer was wrong and restates the op-
tion the model previously chose. Both are ap-
plied uniformly to every item, including those an-
swered correctly on the first pass, because per-
item truthful feedback would disclose the gold la-
bel. The assert_incorrect and reveal_choice
switches that vary these components independently
are recorded in each run summary. We log latency
for both reflection and re-answer. The six open-
weight rows of Table 5 were collected under an
earlier re-answer prompt, which framed the phase
as avoiding the prior mistake and, where the re-
flection supplied avoid_rules or prior_answer
fields, instructed the model not to choose those
options. The redacted reflection prompt requests
prose rather than JSON and no reflection in any run
emitted either field, so that clause never applied:
the two prompts differ in framing only. The frontier
rows and the 2×2 use the neutral prompt, which
fixes a single non-directive phrasing across all arms
so that assert_incorrect is the only manipulated
factor. Initial accuracy is computed over the first
N items rather than the full 100, so for GLM-4.5V
(N=25) and Llama 4-Scout (N=50) it differs from
Table 2’s I+T by sampling alone; their draft runs
reproduce exactly. The other four drafts were col-
lected before the correct option’s letter was fixed
by a round-robin on the item index, so their op-
tion positions differ from the released generator’s
and their initial accuracies are not letter-matched
to Table 2.

Factorial replicates. Table 7 gives the full 2×2,
with each replicate listed beneath its pooled esti-
mate. Replicates share both items and draft, so
per-pair tests are reported individually rather than
pooled into a single p-value.
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Table 7: Overthink Rate (%) for Claude Sonnet 4.5 un-
der the 2×2 reflection ablation (N=50 per cell, shared
initially-correct denominator 37). Reveal shows the
model its own previous choice; assert states the answer
was wrong. Each cell gives the pooled estimate over
both replicates with a Wilson 95% CI, and the two per-
replicate rates beneath it in small type.

reveal = T reveal = F

assert = always 91.9 [83.4, 96.2] 35.1 [25.2, 46.5]
97.3 / 86.5 32.4 / 37.8

assert = never 86.5 [76.9, 92.5] 37.8 [27.6, 49.2]
89.2 / 83.8 32.4 / 43.2

Revealed versus hidden choice on Gemini 2.5
Pro. Over the 43 initially-correct items, OTR is
46.5 [32.5, 61.1] with the choice revealed against
7.0 [2.4, 18.6] with it hidden; the paired exact Mc-
Nemar test gives p = 7.6×10−5, with 18 of the 19
discordant items in the same direction. A second
hidden-choice run reproduces the effect (OTR 4.7
[1.3, 15.5], final accuracy 90%).

Choice exclusion under a revealed prior answer.
For the two reveal=T arms of the 2×2 (§4.4), we
measure how often the re-answer avoids the op-
tion the model was shown, and how the surviving
choices distribute over the other three. Offsets are
measured cyclically from the revealed letter, so a
model that re-answers at random among the remain-
ing three yields a flat +1/ + 2/ + 3 split. Every
replicate is consistent with that flat split, so the
abandonment is systematic exclusion rather than a
directional slot bias.

Table 8: Choice-exclusion behaviour for Claude Sonnet
4.5 in the revealed-choice arms. All four χ2(2) values
are non-significant (p ≥ 0.38).

Arm Rep
Avoids

own +1/+ 2/+ 3 χ2(2)

assert=always 1 49/50 (98.0%) 17/15/17 0.16
assert=always 2 44/50 (88.0%) 19/12/13 1.95
assert=never 1 46/50 (92.0%) 17/13/16 0.57
assert=never 2 44/50 (88.0%) 18/14/12 1.27

C.5 Closed-Loop Step-by-Step
C.5.1 Definition
Let s0 be the depth-d start state, T the transition,
and d(·) the fixed metric. The teacher sequence
(ateach

1 , . . . , ateach
d ) is the inverse of the scramble.

At step t the model outputs at∈{aA, aB, aC , aD}
(or IDK), the environment updates st = T (st−1, a

⋆
t )

per policy, and ∆t = d(st)−d(st−1). The episode

halts at the first t with ∆t≥0 or a parse violation;
otherwise it runs up to d steps.

C.5.2 Generation & Fairness Controls
States come from VirtualCube with depth d. At
each step we (i) compute the teacher move from the
reversed scramble, and (ii) build the four options
with a fixed RNG seed derived from (depth, sample,
step), as detailed under Option set construction in
Appendix C.6.2; option sets are therefore identical
for all models rather than independently shuffled
per run. The distance metric (HTM/FTM) is fixed
per run. If the parsed option is oracle-optimal we
apply it and continue; otherwise the episode halts,
and the remaining steps score as incorrect. A parse
failure also halts the episode, with no move applied
and the state left unchanged.

C.6 Abstention (Selective Control)
C.6.1 Definition
We extend the closed-loop next-move task to al-
low an explicit abstention token IDK. Let s0 be
the depth-d start state, d(·) a fixed distance metric
(FTM/HTM), and (ateach

1 , . . . , ateach
d ) the teacher se-

quence (inverse scramble). At step t, the model out-
puts yt∈{A,B,C,D, IDK}; the option letter maps
to a concrete move at ∈ M. The environment
updates per the abstention policy (below), yielding
st, and we define the per-step progress

∆t = d(st)− d(st−1).

The episode halts at the first t with (i) non-progress,
∆t ≥ 0, or (ii) a parse violation (no valid token).
Otherwise it runs to d.

Primary scoring. Teacher Adherence (TA%) and
Perfect% ignore abstention for credit: IDK receives
no credit (counts as incorrect) and cannot con-
tribute to a Perfect episode. TA% uses uncondi-
tional denominators (halted or missing later steps
are scored incorrect). If a teacher-or-optimal vari-
ant is used elsewhere, substitute the step-correct
predicate accordingly.

APA (Abstention-Penalized Accuracy). APA
assigns partial credit λ∈ [0, 1] to abstentions (IDK)
and full credit 1 to correct answers, with wrong
answers receiving 0:

APAλ =
ncorrect + λnIDK

ntotal
.

Here ntotal counts all decisions (including parse fail-
ures), nIDK counts abstentions, and ncorrect counts

28696



correct answered moves. Properties: (i) APA0 re-
duces to standard micro-accuracy that treats IDK
as incorrect; (ii) APA1 = 1 − nwrong

ntotal
(absten-

tions incur no penalty); (iii) it decomposes via
coverage (c = nanswered

ntotal
) and selective accuracy

(sel-acc = ncorrect
nanswered

) as

APAλ = c · sel-acc + (1− c) · λ.

Unless stated otherwise, we set λ=0.25.

Selective metrics. Abstention is evaluated sepa-
rately via coverage and abstention-aware metrics:

coverage =
nanswered

ntotal
,

sel-acc =
ncorrect

nanswered
,

APAλ =
ncorrect + λnIDK

ntotal
.

Here nanswered counts {A,B,C,D} responses; nIDK
counts abstentions; ntotal counts all decisions (in-
cluding parse failures). Unless stated, we use
λ=0.25.

Parsing & error model. We accept
<ANSWER> IDK </ANSWER>, ANSWER: IDK/E,
and the phrase “I don’t know” (case-insensitive).
Any other malformed output is a parse failure
(MISSING) and is treated as an incorrect answer for
TA%, contributes to ntotal, and halts the episode.

Policies on abstain. We support two determinis-
tic policies:

• teacher_on_abstain (default): apply ateach
t

when yt=IDK to preserve episode length; no
credit is awarded.

• skip_item: halt the episode immediately
when yt=IDK.

Both policies preserve the unconditional-
denominator convention for TA%/Perfect%.

C.6.2 Generation & Fairness Controls
Prompting. When abstention is enabled, the sys-
tem prompt adds IDK as a fifth option and en-
forces a strict output tag (<ANSWER> X </ANSWER>).
Tie-breaking and decision rules are otherwise un-
changed.

Decoding. Greedy decoding
(temperature=0.0) with a hard cap on new
tokens (sufficiently large to avoid truncation
≈ 216). Outputs are case-folded and whitespace-
stripped before parsing.

Table 9: Abstention-aware selective metrics for STEP-
BYSTEPTEST with IDK enabled and teacher on abstain;
confidence threshold 50 throughout. The two open-
weight rows are d=3 at n=100; the Gemini row is d=5
at n=5 (eight decisions) and is indicative only.

Model Coverage % Sel. Acc % IDK % APA (s=0.25)

Qwen2.5-VL-32B 99.29 23.74 0.00 0.24
Gemma 3-27B 100.00 17.32 0.00 0.17
Gemini 2.5 Pro 87.50 28.57 12.50 0.28

Option set construction. At each step we con-
struct four options by including the teacher move
and sampling a controlled mix of distractors with a
fixed RNG seed per (depth, sample, step). Where
available, we include exactly one additional oracle-
optimal (progress) distractor; remaining slots are
non-progress moves. This stabilizes priors over
progress/non-progress distractors across models
and runs.

Randomness control. We use a deterministic
seed derived from (d, sample_id, t) for option shuf-
fling and distractor selection, ensuring identical
option sets for all models.

Confidence gates (optional). A global confi-
dence threshold gates the optional IDK action: if a
model’s self-estimated confidence drops below the
threshold, IDK is permitted. The threshold is fixed
at 50 for every run reported in this paper.

Logged configuration. We log (i) policy
(teacher_on_abstain or skip_item), (ii) λ
for APA, (iii) any confidence threshold, (iv)
coverage by step, and (v) selective counts
(ncorrect, nwrong, nIDK, ntotal).

C.6.3 Results
Brief findings. None of the three open-weight
models run with the option enabled abstained at
all (IDK 0%), so with nIDK=0 their APA reduces
exactly to micro-accuracy and the metric cannot
register an abstention effect. Table 9 reports two
of the three; Qwen2.5-VL-7B appears only in the
APA comparison that follows. Measured against
their own IDK-disabled arms at d=3, enabling the
option moves APA in both directions (Qwen2.5-
VL-32B 0.194 → 0.236, Gemma 3-27B 0.252 →
0.173, Qwen2.5-VL-7B 0.163 → 0.223), which is
consistent with the added fifth option perturbing the
prompt rather than with calibrated abstention. Only
Gemini abstains (IDK 12.5%), over eight decisions,
so we draw no conclusion from it. We therefore
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report the abstention machinery as specified and
implemented, and make no claim that abstention
improves penalty-aware accuracy.

C.7 Closed-Loop History Ablation

Both frontier models were re-run at d=3 with
the full trajectory (S0, a0, . . . , St) in the prompt,
against the Markov arm on the same items. Hosted
models answer differently across runs even at tem-
perature 0, so each episode’s first move is generated
once and replayed into both arms: the two condi-
tions are then identical at step 1 by construction
and face the same cube state entering step 2. The
replay is checked against the seed run’s logged
state, options and gold letter on every episode, and
aborts the run on any mismatch. Sonnet contributes
49 paired episodes (one of 50 lost to an API error)
and Gemini 50. Teacher adherence (TA) counts
oracle-optimal decisions over d× episodes, scoring
unreached steps as incorrect. The two rows sit on
different scoring regimes: Sonnet’s pair predates
the exact_scramble_depth change and Gemini’s
follows it. Each row is therefore internally valid
and replay-controlled, but the two are not like-for-
like and should not be compared to each other.

Table 10: Closed-loop history ablation at d=3. Neither
controlled step-2 contrast is significant (Sonnet 6/20
vs 5/20, b=4, c=3, p = 1.00; Gemini 16/29 vs 22/29,
b=3, c=9, p = 0.15), and neither perfect-solve contrast
is (Sonnet p = 0.125; Gemini p = 0.227). Cycling
counts (repeated moves / revisited states) are 6/2 against
5/4 for Sonnet and 3/0 against 0/0 for Gemini, so
history reduces neither.

TA (%) Perfect solves

Model Hist. Markov Hist. Markov

Claude Sonnet 4.5 20.4 17.0 5/49 1/49
Gemini 2.5 Pro 40.0 47.3 15/50 20/50

C.8 Causal Move-Effect Probe

C.8.1 Definition
Let d(·) be fixed (FTM via Optimal Oracle i.e.,
IDA* + pattern match heuristics), T the transition.
For any move a:

∆(a) = d(T (s, a))− d(s),

y(a) =





DEC ∆(a) < 0 or T (s, a) solves,
NC ∆(a) = 0,

INC ∆(a) > 0.

Given options {aA, aB, aC , aD}, the model out-
puts ŷK ∈ {DEC, NC, INC} for each K ∈
{A,B,C,D}. Metrics are computed over the three
target classes; parse failures contribute to errors as
above.

C.8.2 Generation & Fairness Controls

Option construction (A–D) with fairness. To
avoid exploitable priors and slot biases, each item’s
four options are built as:

1. One-each + feasible double. Prefer one move
from each class present (DEC/NC/INC) and
add a double from a class that has at least two
distinct neighbors.

2. Depth-aware target mix. For depth d, esti-
mate the feasibility of doubling class c as

p̂2(c | d) =
∑

i:di=d 1{|bucket
(i)
c | ≥ 2}+ α

∑
i:di=d 1 + 2α

,

where α = 1. The per-depth target mix is
0.25 for each class (one slot) plus the extra
0.25 allocated proportionally to p̂2(· | d); we
pick the doubled class that is most underrep-
resented vs. this target.

3. Slot balancing. The slot holding the doubled
class rotates (A→B→C→D), and the remain-
ing moves are greedily assigned to flatten his-
torical slot×class frequencies.

C.9 Learning Curve (Closed-Loop MCQ)

C.9.1 Definition

Let S be cube states, M the standard move set
(quarter/half turns in Singmaster), and m(s) the
deterministic transition obtained by applying m ∈
M to s ∈ S. A fixed oracle distance d : S →
N0 (FTM/HTM; chosen once per run) gives the
distance-to-solved. The start state s0 is produced
by a depth-d scramble with per-episode seed; the
teacher plan π0 is the inverse scramble (shortest
plan from s0 to solved), with head m⋆.

Progress-making moves. For state s, the
progress set G(s) is

{m ∈ M : d(m(s)) < d(s) or m(s) is solved }.

An option is progress-making iff it is in G(s).
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MCQ construction. At attempt t, from state st
we construct an MCQ with four distinct options:
one option is sampled from G(st) (when G(st) ̸=
∅), and the remaining three are sampled from M\
G(st) when feasible; options are then uniformly
shuffled into A-D using an RNG independent of
the scramble seed. (If |M \ G(st)| < 3, a rare
fallback samples without the progress/non-progress
restriction; evaluation remains defined.)

Parsing and attempts. The model outputs
a single letter Xt ∈ {A,B,C,D} using ei-
ther <ANSWER>X</ANSWER> or ANSWER: X (case-
insensitive). A parse-fail is recorded if neither
pattern is found. An attempt is counted for every
query (including parse-fails).

Accept-progress control policy. Let m⋆ be the
head of πt (teacher next move), and let at be the
concrete move mapped from the chosen option Xt

(undefined on parse-fail). Writing s′t = at(st) for
brevity, the environment update is:

(st+1, πt+1) =





(m⋆(st), tail(πt)) at = m⋆

(s′t, Solve(s
′
t)) at ∈ G(st)

(s′t, a
−1
t ·πt) at /∈ G(st)

(st, πt) parse-fail.

Here, a−1
t · πt denotes prepending the group-

theoretic inverse of at to the plan πt (equivalently
⟨a−1

t ⟩∥πt). Here, Solve(·) is the oracle shortest-
plan solver (returns an empty plan at solved),
⟨a−1

t ⟩ is the one-move deque containing the group-
theoretic inverse of at, and ∥ denotes deque con-
catenation (push-front).

Stopping rule and outcomes. An episode solves
if d(st) = 0 for some t ≤ max_attempts; other-
wise it is a failure. Let K = max_attempts denote
the attempt budget. The number of attempts used
is

T =

{
min{t : d(st) = 0} t ≤ K

∞ otherwise.

For reporting, the solved-attempts histogram is
H(k) =

∣∣{ episodes with T = k }
∣∣. Episode-level

proportions such as P (1) and P (≤ 3) use the un-
conditional denominator (all N episodes; unsolved
contribute 0). The Avg@All statistic treats failures
as max_attempts when averaging attempts across
episodes; Med@Solved is the median of T over
solved episodes only (NA if none).

Table 11: Task parameters by depth. The Closed-Loop
Horizon defines the maximum steps allowed in the
standard Step-by-Step task (strictly equal to d). The Re-
covery Budget is the maximum number of additional
moves allowed after the first deviation in the Learning
Curve test. The budget is a single run-level parame-
ter (max_attempts) set manually per run rather than a
schedule applied automatically by depth; the column
records the intended values. Every Learning Curve
result reported in this paper uses the d=3 row, i.e. a
six-attempt budget.

Depth (d) Closed-Loop Horizon Recovery Budget

1 1 step 4
2 2 steps 5
3 3 steps 6
4 4 steps 7

C.9.2 Generation & Fairness Controls
Deterministic scrambles & shared decoding.
Each episode i is generated with a fixed scram-
ble depth d and a deterministic seed equal to the
episode index (random_seed=idx), so the start
state is shared across models. The per-step option
sets are not seeded: they are drawn from an un-
seeded system RNG, so they differ across models
and across re-runs of the same model, and Table 6
is therefore not item-paired. All models use the
same prompt, renderer settings, temperature = 0.0,
and a large max_new_tokens.

Canonical option set, with a minimal fallback.
From state st, we compute the progress set

G(st) =

{
m :

d(m(st)) < d(st) or
m(st) is solved

}
,

using the same oracle distance d(·) as for scoring.
When feasible, we build a canonical MCQ with
exactly one progress-making option sampled from
G(st) and three distinct distractors sampled from
M \ G(st) (never equal to the correct move). If
|M \ G(st)| < 3 (rare), we use a fallback that
samples the remainder from M\{correct} without
enforcing progress/non-progress; options are still
unique and evaluable.

Uniform letter shuffling, independent RNG.
Options are uniformly permuted into A-D using
a full-entropy RNG (System Random) that is in-
dependent of both the scramble seed and episode
index. This prevents fixed letter positions from
correlating with correctness and reduces positional
cueing. We do not otherwise regularize or audit
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slot frequencies; independence plus sample size
keeps slot priors approximately flat in expectation.

Parse protocol & penalties. The model
must output exactly one letter via either
<ANSWER>X</ANSWER> or ANSWER: X (case-
insensitive), X ∈ {A,B,C,D}. Any other output
is a parse-fail. Parse-fails count as attempts and
leave the environment unchanged, applying a
consistent penalty without introducing spurious
transitions.

Fixed control policy (accept-progress). The
same policy is applied to every model’s choice
at: (i) if at matches the teacher head, apply and
advance the plan; (ii) else if at ∈ G(st), apply
and replan from the new state; (iii) else apply and
prepend a−1

t to the plan. This creates a uniform
opportunity to recover from near-misses and a uni-
form consequence for regressions.

Attempts budget parity & stopping. All models
share the same max_attempts and stopping rule
(solve iff d(s) = 0 within budget). Aggregate met-
rics (SR, P (1), P (≤ 3), Med@Solved, Avg@All)
are computed over the same episode set with the
unconditional denominator, so unsolved runs con-
tribute 0 to proportion metrics and max_attempts
to Avg@All.

Scope of randomness. We intentionally resam-
ple distractors each attempt (subject to the unique-
ness and canonical/fallback rules) rather than fix-
ing distractor identities across episodes or mod-
els. This avoids overfitting to specific move tu-
ples while keeping evaluation comparable through
shared scrambles, shared decoding, and a fixed
control policy.

C.10 Oracle Rewards for Test-Time Compute
Scaling

The oracle supplies an exact scalar d(s) for every
reachable state, not only for terminal ones, so Cube
Bench can score a partial trajectory. That is pre-
cisely what a verifier for test-time compute scaling
requires and what final-answer checkers and unit-
test suites cannot give. We record the design here;
it is not run in this paper.

Sequential compute is already instrumented,
and saturates. Test 7’s max_attempts is a se-
quential revision budget. Gemini’s solve rate is
identical at three and six attempts (40%; Table 6),

so the second half of the budget contributes noth-
ing for the one model that recovers, while the re-
maining seven stay at or below 8% even at the full
budget. On this task sequential compute is flat past
the third attempt.

Proposed protocol for parallel compute. At
each decision point of Test 5 or Test 7, sample
k responses at temperature T > 0. This is a de-
liberate departure from the T = 0 protocol used
everywhere else, so such runs are a separate con-
dition and are not comparable to the tables above.
Using d(s), report three curves in k:

• Coverage@k: the fraction of decision points
at which at least one of the k sampled moves
is oracle-optimal.

• Selection@k: the fraction at which the move
the model actually returns, under whatever
aggregation is being tested, is oracle-optimal.

• Oracle@k: the fraction at which a perfect
verifier could select an optimal move from
the k, giving the ceiling any learned verifier
competes against.

What the design decides. P (1) = 0 (§4.6) is
one number covering two failures with opposite
remedies. If Coverage@k stays near zero as k
grows, the repairing move is never proposed and
the deficit is in the policy. If Coverage@k rises
while Selection@k does not, the move is proposed
and then discarded, and the deficit is in selection,
which a reranker or learned verifier can address.
The gap between Selection@k and Oracle@k quan-
tifies the headroom such a verifier would have to
capture.

Process supervision at no annotation cost. Ev-
ery (st, at, d(st+1)− d(st)) triple is a labelled rea-
soning step, so the same generator yields process-
reward training data without human annotation,
with d(·) as an exact upper bound on any learned
step-level reward model. Because transitions are
deterministic, d(·) is a pure function of the state
reached, so sampled candidates can be re-scored
offline without re-querying the model.
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D Detailed Prompts

D.1 Cube Face Reconstruction
System Prompt

You are a precise AI assistant with advanced
image analysis capabilities.
The official Rubik’s Cube sticker colors and
their RGB values are:

• White: (255,255,255)

• Yellow: (255,255,0)

• Red: (255,0,0)

• Orange: (255,128,0)

• Blue: (0,0,255)

• Green: (0,255,0)

When given the cube-net image:

1. Locate the ’Front’ face (center of the
net).

2. Extract its 3*3 sticker colors, row by
row.

3. Verify each cell by cross-referencing
its RGB against the table above.

4. Output strictly in this format:
ANSWER:
Row 1: [Color1, Color2, Color3]
Row 2: [Color4, Color5, Color6]
Row 3: [Color7, Color8, Color9]

5. Finally, append exactly this line:
Answer verified for correctness.

Do not include your internal reasoning—keep
your chain-of-thought private.

User Prompt

Here is the image of the Rubik’s Cube laid out
in a net diagram. The front face is labeled as
’Front’. Please analyze the image and report
the colors on the front face in a 3*3 grid.

D.2 Cross-Modal Verification
System Prompt

You are a specialized Rubik’s Cube
verification assistant with independent
textual and visual analysis capabilities. You
are given two separate inputs: (1) a textual
representation of the front face of a 3x3x3
Rubik’s Cube, and (2) an image of a Rubik’s
Cube showing all its faces.
Tasks:

1. Independently identify the front face in
the image.

2. Compare the nine color positions on the
front face from the image with the

provided textual representation. Do not
assume the text is derived from or
automatically matches the image.

3. If all nine positions match exactly in
color, respond with Answer: Yes. If any
position does not match, respond with
Answer: No.

Important: Always perform the verification
independently; do not default to Answer: Yes
without a thorough comparison.

User Prompt

Inputs

1. A textual representation of the front
face of a 3x3x3 Rubik’s Cube:
{front_face}

2. An image of a Rubik’s Cube showing all
its faces.

Task

• Determine the front face of the Rubik’s
Cube in the image.

• Compare the colors of the front face with
the provided textual representation.

• Output Answer: Yes if they match exactly
in all nine positions, or Answer: No if
there is any mismatch.

D.3 Optimal Move Prediction
D.3.1 Image + Text Prompt

System Prompt

You are an expert Rubik’s Cube solver. You
will be given a TEXTUAL cube state, an IMAGE
of the cube, and four candidate moves (A–D).
The cube is exactly 1 move from solved. Choose
the single option whose move makes the cube
exactly 0 moves from solved (i.e., solves it).
CONTRACT (read carefully):

• Exactly ONE of A/B/C/D is correct. Never
answer AMBIGUOUS.

• Output must be EXACTLY one of A, B, C, or
D wrapped in <ANSWER> tags. Nothing else.

• Your entire output MUST match this regex:
^\s*<ANSWER>\s*[ABCD]\s*</ANSWER>\s*$

• Do NOT include explanations, move
strings (e.g., R, U2, R’), or any extra
text inside or outside the tags.

Notation reminder:

• X = 90° clockwise quarter-turn of face X.

• X’ = 90° counter-clockwise quarter-turn
of face X.

• X2 = a single 180° half-turn of face X
(not two 90s).
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Grounding & authority (internal):

• Faces are identified by their centers
(isomorphic color scheme).

• If TEXT and IMAGE disagree, the TEXTUAL
state is authoritative; the IMAGE is for
reference only.

Parsing rules (internal; do not restate):

• If the textual state is an ASCII net
with tokens [w,y,o,r,g,b], map tokens
via centers: w→white, y→yellow,
o→orange, r→red, g→green, b→blue. Do
NOT invent or output Kociemba strings.

• If the textual state is already URFDLB
facelets, use it directly.

Decision procedure (internal only):

1. Interpret the state from TEXT
(authoritative) and consult the IMAGE if
helpful.

2. Mentally apply each candidate (A–D) to
this state.

3. Select the single candidate that yields
the solved cube (distance = 0).

4. If a tie somehow occurs, break ties by
letter: A ≺ B ≺ C ≺ D.

5. Think silently; do not reveal reasoning.

6. Output only the LETTER in the required
format.

User Prompt

Textual Cube State (authoritative):
{textual_representation}
Candidate moves:
A: {move_A}
B: {move_B}
C: {move_C}
D: {move_D}
Reply with exactly one line:
<ANSWER> A/B/C/D </ANSWER>

D.3.2 Image + Text, Authority Clause
Removed

The ablation prompt of Table 4 is the prompt above
with three lines replaced; contract, notation, pars-
ing rules, and output format are unchanged. Under
Grounding & authority, “If TEXT and IMAGE
disagree, the TEXTUAL state is authoritative; the
IMAGE is for reference only.” becomes “Both the
TEXT and the IMAGE depict the same state; use
either or both.” Step 1 of the decision procedure be-
comes “Interpret the state from the TEXT and the
IMAGE.” In the user prompt, “Textual Cube State
(authoritative):” becomes “Textual Cube State:”.

D.3.3 Text Only Prompt

System Prompt

You are an expert Rubik’s Cube solver. You
will be given a TEXTUAL cube state and four
candidate moves (A–D). The cube is exactly 1
move from solved. Choose the single option
whose move makes the cube exactly 0 moves
from solved (i.e., solves it).
CONTRACT (read carefully):

• Exactly ONE of A/B/C/D is correct. Never
answer AMBIGUOUS.

• Output must be EXACTLY one of A, B, C, or
D wrapped in <ANSWER> tags. Nothing else.

• Your entire output MUST match this regex:
^\s*<ANSWER>\s*[ABCD]\s*</ANSWER>\s*$

• Do NOT include explanations, move
strings (e.g., R, U2, R’), or any extra
text inside or outside the tags.

Notation reminder:

• X = 90° clockwise quarter-turn of face X.

• X’ = 90° counter-clockwise quarter-turn
of face X.

• X2 = a single 180° half-turn of face X
(not two 90s).

Grounding & authority (internal):

• The TEXTUAL state is the single source
of truth. Faces are identified by their
centers.

Parsing rules (internal; do not restate):

• If the textual state is an ASCII net
with tokens [w,y,o,r,g,b], map tokens
via centers: w→white, y→yellow,
o→orange, r→red, g→green, b→blue. Do
NOT invent or output Kociemba strings.

• If the textual state is already URFDLB
facelets, use it directly.

Decision procedure (internal only):

1. Interpret the state from TEXT using the
center mapping.

2. Mentally apply each candidate (A–D) to
this state.

3. Select the single candidate that yields
the solved cube (distance = 0).

4. If a tie somehow occurs, break ties by
letter: A ≺ B ≺ C ≺ D.

5. Think silently; do not reveal reasoning.

6. Output only the LETTER in the required
format.
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User Prompt

Textual Cube State (ground truth):
{textual_representation}
Candidate moves:
A: {move_A}
B: {move_B}
C: {move_C}
D: {move_D}
Reply with exactly one line:
<ANSWER> A/B/C/D </ANSWER>

D.3.4 Image Only Prompt

System Prompt

You are an expert Rubik’s Cube solver. You
will be given an IMAGE of the cube and four
candidate moves (A–D). The cube is exactly 1
move from solved. Choose the single option
whose move makes the cube exactly 0 moves
from solved (i.e., solves it).
CONTRACT (read carefully):

• Exactly ONE of A/B/C/D is correct. Never
answer AMBIGUOUS.

• Output must be EXACTLY one of A, B, C, or
D wrapped in <ANSWER> tags. Nothing else.

• Your entire output MUST match this regex:
^\s*<ANSWER>\s*[ABCD]\s*</ANSWER>\s*$

• Do NOT include explanations, move
strings (e.g., R, U2, R’), or any extra
text inside or outside the tags.

Notation reminder:

• X = 90° clockwise quarter-turn of face X.

• X’ = 90° counter-clockwise quarter-turn
of face X.

• X2 = a single 180° half-turn of face X
(not two 90s).

Grounding & authority (internal):

• No text is provided. Infer the state from
the IMAGE only. Faces are identified by
their centers; a face is solved when all
stickers match its center color; the
cube is solved when all faces are solved.

Parsing rules (internal; do not restate):

• None (no textual state). Use the pixels
only.

Decision procedure (internal only):

1. Infer the current state from the IMAGE
using center colors.

2. Mentally apply each candidate (A–D) to
this state.

3. Select the single candidate that yields
the solved cube (distance = 0).

4. If a tie somehow occurs, break ties by
letter: A ≺ B ≺ C ≺ D.

5. Think silently; do not reveal reasoning.

6. Output only the LETTER in the required
format.

User Prompt

Candidate moves:
A: {move_A}
B: {move_B}
C: {move_C}
D: {move_D}
Reply with exactly one line:
<ANSWER> A/B/C/D </ANSWER>
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D.4 Reflections

This section explains how we run reflection-guided
re-answering on the static move-selection task.
Each reflection trial begins from the same Im-
age+Text prompt we use for move prediction test
(Prompt D.3.1). Concretely, every item shows (i)
a rendered image of the cube for context and (ii)
the authoritative textual cube state, along with four
candidate move.

D.4.1 Guided Unredacted Reflection
System Prompt

You are an expert Rubik’s Cube solver. You
previously answered the following
multiple-choice question incorrectly.Your
task is to reflect on your mistake,
understand why it occurred, and improve your
reasoning for the future.
Complete the following steps clearly and
concisely:

1. Explain why you answered incorrectly.

2. List keywords describing your mistake
type from most general to most specific.

3. Solve the problem again step-by-step
using the correct answer provided.

4. Write detailed instructions to avoid
making this mistake again (No more than
200 words).

5. Provide general advice to improve your
(Large Language Model) performance on
similar problems in the future.

User Prompt

The cube’s textual state was: {cube_state}.
An image of the cube in this state is
attached. The cube was only one move away
from being solved.
The four options were:
A: {option_A}
B: {option_B}
C: {option_C}
D: {option_D}
You chose the option: {model_choice}, which
did not solve the cube. The correct solution
was option: {correct_answer}.

D.4.2 Guided Redacted Reflection
System Prompt

You are an expert Rubik’s Cube solver. The
cube has 6 faces, each face consisting of a
3x3 grid of colors, totaling 9 colors per
face. The faces are labeled as follows: Front
(F), Back (B), Left (L), Right (R), Up (U),
and Down (D). On each face, colors are
arranged in 3 rows, each containing 3 colors.
Colors are read from left to right within
each row, starting from the top row and

proceeding downward. Thus, each face has
exactly 9 colors in a fixed order.
You previously answered the following
multiple-choice question incorrectly.
Your task is to reflect on your mistake,
understand why it occurred, and improve your
reasoning for the future.
Complete the following steps clearly and
concisely:

1. Explain why you answered incorrectly.

2. List keywords describing your mistake
type from most general to most specific.

3. Solve the problem again step-by-step
using the correct answer provided.

4. Write detailed instructions to avoid
making this mistake again (No more than
200 words).

5. Provide general advice to improve your
(Large Language Model) performance on
similar problems in the future.

User Prompt

The cube’s textual state was: {cube_state}. An
image of the cube in this state is attached.
The cube was only one move away from being
solved.
The four options were:
A: {option_A}
B: {option_B}
C: {option_C}
D: {option_D}
You chose the option: {model_choice}, which
did not solve the cube. The correct solution
was option: [REDACTED]. Correct answer is
hidden, to avoid answer leakage into the
reflection.

D.5 Optimal-Move Adherence vs Depth
System Prompt

You are an expert Rubik’s Cube solver. Your
task is to pick exactly ONE move (A, B, C, or
D) that best improves the cube toward solved.
Context:

• The cube is currently {n_moves} moves
from solved under God’s-distance.

• You will receive a textual cube state
(ground truth) and an image (for
reference only). Ignore any
discrepancies: the text is
authoritative.

Decision Rule (no ambiguity allowed):

1. For each candidate (A,B,C,D), simulate
applying the move to the textual state
and estimate the resulting
God’s-distance d1.

2. Prefer the move with the lowest d1
(equivalently, the largest decrease from
the current distance).
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3. If multiple candidates yield the same
minimal d1, break ties deterministically
by letter: A < B < C < D.

Input Rules:

• Use the textual state exclusively for
simulation and evaluation; do not use
the image to break ties.

Output Format (STRICT): First, show your
step-by-step reasoning inside
<REASONING>...</REASONING> tags. Walk through
each candidate (A, B, C, D), describe the
resulting state at a high level, and estimate
its d1.
Then, on the final line, output exactly the
answer tag:
<ANSWER> A/B/C/D </ANSWER>
The final line must match this regex:
^\s*<ANSWER>\s*[ABCD]\s*</ANSWER>\s*$
Do not output AMBIGUOUS. Do not put anything
after the </ANSWER> tag.

User Prompt

The cube is {n_moves} moves away from being
solved.
Textual Cube State (Ground Truth):
{textual_representation}
Candidate Moves:
A: {move_A} B: {move_B} C: {move_C}
D: {move_D}
Show your reasoning in
<REASONING>...</REASONING>, then output the
final answer as:
<ANSWER> X </ANSWER>

D.6 Causal Move-Effect Probe
System Prompt

You are an expert Rubik’s Cube evaluator. The
cube is scrambled. For EACH option (A-D),
label how it changes distance-to-solved:
DECREASE, NO_CHANGE, INCREASE.
Rules:

• Textual cube state is ground truth;
ignore image.

• Use centers to map colors to faces.

• Output exactly four lines
<A> ... </A> ... <D> ... </D>

User Prompt

Face Centers:
U: {U_color} R: {R_color} F: {F_color}
D: {D_color} L: {L_color} B: {B_color}
Textual Cube State:
{state_text}
Candidate Moves:
A: {option_A} B: {option_B} C: {option_C}
D: {option_D}
Output exactly:
<A> DECREASE|NO_CHANGE|INCREASE </A>
<B> DECREASE|NO_CHANGE|INCREASE </B>

<C> DECREASE|NO_CHANGE|INCREASE </C>
<D> DECREASE|NO_CHANGE|INCREASE </D>

D.7 Recovery dynamics

System Prompt

You are an expert Rubik’s Cube solver. Your
task is to pick exactly ONE move (A, B, C, or
D) that best improves the cube toward solved.
Context:

• The cube is currently {n_moves} moves
from solved under God’s-distance.

• You will receive a textual cube state
(ground truth) and an image (for
reference only). Ignore any
discrepancies: the text is
authoritative.

Decision Rule (no ambiguity allowed):

1. For each candidate (A,B,C,D), internally
simulate applying the move to the
textual state and estimate the resulting
God’s-distance d1.

2. Prefer the move with the lowest d1
(equivalently, the largest decrease from
the current distance).

3. If multiple candidates yield the same
minimal d1, break ties deterministically
by letter: A < B < C < D.

4. Never output anything other than A/B/C/D.

Input Rules:

• Use the textual state exclusively for
simulation and evaluation; do not use
the image to break ties.

• Think step-by-step internally but do not
reveal your chain-of-thought.

Output Format (STRICT): Return exactly one
line containing only this XML tag:
<ANSWER> A/B/C/D </ANSWER>
No explanations, no extra text, no AMBIGUOUS.

User Prompt

The cube is {n_moves} moves away from being
solved.
Textual Cube State (Ground Truth):
{textual_representation}
Candidate Moves: A: {move_A}
B: {move_B}
C: {move_C}
D: {move_D}
Output exactly one line:
<ANSWER> X </ANSWER>
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(a) Depth d = 1
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(b) Depth d = 2
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(c) Depth d = 3

Figure 4: Move-Effect κ vs. Closed-Loop TA% at
scramble depths d ∈ {1, 2, 3}; least-squares fit per
panel. Pearson r = 0.995 at d=1.

E Additional Quantitative Results

E.1 Per-Depth Correlation Plots
To investigate the link between local causal under-
standing and sequential control, we plot the rela-
tionship between the Causal Move-Effect metric
(Chance-corrected Cohen’s κ) and Closed-Loop
Teacher Adherence (TA%) across scramble depths
d ∈ {1, 2, 3}.

As illustrated in Figure 4, the strength of this
association varies significantly with task horizon:

• Depth 1 (Strong Alignment): At d = 1,
we observe a near-perfect linear correlation
(r = 0.995) between pre-action evaluation
and control performance. This indicates that
for single-step problems, a model’s ability to
forecast move consequences (κ > 0) directly
translates to successful execution.

• Depths 2 and 3 (Decoupling): As the se-
quence length increases, the linear relation-

Table 12: Guided (Unredacted) reflection on Optimal
Move Prediction: the gold option is exposed in the
reflection prompt, serving as an oracle upper bound.
Columns and protocol match Table 5.

Guided (Unredacted)

Model N Init. (%) Final (%) ∆ EFR (%) OTR (%)

Gemma 3-27B 100 29.0 81.0 +52.0 81.69 20.69
GLM-4.5V 25 36.0 100.0 +64.0 100.00 0.00
Llama 4-Scout 17B 50 10.0 100.0 +90.0 100.00 0.00
Qwen2.5-VL-7B 100 17.0 59.0 +42.0 59.04 41.18
Qwen2.5-VL-32B 100 22.0 70.0 +48.0 71.79 36.36
Qwen3-VL-Thinking 30B 50 22.0 72.0 +50.0 71.79 27.27

ship weakens. At d = 2 and d = 3, open-
weight models cluster near the origin (indi-
cating chance-level performance on both met-
rics), while the frontier model (Gemini 2.5
Pro) degrades but remains distinct. This "col-
lapse" suggests that while local causal under-
standing is a prerequisite for control, it is in-
sufficient to prevent trajectory divergence in
multi-step planning without robust error re-
covery mechanisms.

E.2 Unredacted Reflection Results

In the main text (§4.4), we presented “Guided
(Redacted)” reflection, where the model must cri-
tique its own output without access to the ground
truth. Here, we present the results of the “Guided
(Unredacted)” ablation. In this regime, the reflec-
tion prompt explicitly includes the correct option
as a hint, serving as an oracle upper bound to deter-
mine if models can recognize and justify the correct
move when it is pointed out to them. Table 12 sum-
marizes these findings. In stark contrast to the label-
safe setting i.e., where gains were modest (+14%
for Llama 4-Scout-17B) or negative (−20% for
GLM-4.5V) the unredacted setting yields massive
improvements across all architectures.

• Perfect Rationalization: GLM-4.5V and
Llama 4-Scout-17B achieve 100% Final Ac-
curacy (gains of +64.0 and +90.0 points, re-
spectively). This confirms that these models
possess sufficient world knowledge to verify a
solution when given the answer, even though
they fail to derive it autonomously.

• Broad Improvement: Even the models
that struggled most in the standard setting
show strong recovery. Gemma 3-27B, which
showed zero net gain in the redacted setting,
jumps from 29% to 81% accuracy in the
unredacted setting. Similarly, the Qwen fam-
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ily sees improvements ranging from +42 to
+50 points.

These results highlight the “Post-Hoc Rationaliza-
tion” capabilities of MLLMs. The discrepancy
between the Redacted and Unredacted scores in-
dicates that the bottleneck in spatial reasoning is
not the inability to understand the move mechanics,
but the lack of a robust internal verification signal.
When that signal is provided externally (the oracle
label), models can successfully align their reason-
ing, but without it, they are prone to overthinking
and instability.
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