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Many middle–school math problems are image-dependent: the diagram or graph carries essential infor-
mation. This matters for intelligent tutoring and accessibility, where systems must reason over figures
and also decline responsibly when figures are missing. We evaluate six contemporary multimodal large
language models (MLLMs)—three reasoning models and three non-reasoning models—on 376 Illustra-
tive Mathematics (IM) items labeled as image-role Required (the figure contains task-critical information
not recoverable from text alone without added assumptions). Each model attempts every item three times
with and without the figure under a shared prompt and scoring protocol. To reduce image-role label
subjectivity, we classify items as not Required when they are solvable from text alone without additional
assumptions.

With images, the top-performing reasoning models achieve accuracy in the mid-50%, while non-
reasoning models fall in the mid-30s to low-40s. Without images, models overwhelmingly refuse rather
than guess, with only rare correct-by-chance answers. Models show moderate agreement on which items
are solvable, and we release two benchmark subsets of items solved consistently across models. A qual-
itative audit of 83 items shows that visual misreading is the dominant failure mode for non-reasoning
models, while reasoning models more often produce correct answers accompanied by adequate explana-
tions.

These results suggest tutoring systems should gate automated scoring and learner-model updates on
visual-evidence availability and use scaffolds that require explicit visual-evidence binding before algebra.
For accessibility, systems should treat no-image refusals as missing-context signals and elicit the figure
or a structured description, enabling description-substitution experiments. We release code, prompts, and
summary artifacts for replication. Code and data: https://osf.io/ct7bg/

Keywords: educational data mining, multimodal large language models, image-dependent math, refusal,
reasoning, accessibility

1. INTRODUCTION

Many middle-school mathematics problems are image-dependent: they rely on diagrams, graphs,
or other figures to specify quantities and relations that are not recoverable from text alone. Ro-
bust support for such items is critical for both intelligent tutoring systems (ITS) and accessi-
bility. Decades of ITS research emphasize stepwise problem solving, mastery learning, and
data-driven adaptation (Corbett and Anderson, 1994; Anderson et al., 1995; Woolf, 2008; Van-
Lehn, 2011; Pelánek, 2017), and platforms such as ASSISTments instantiate these ideas at scale
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in classroom-authentic settings (Heffernan and Heffernan, 2014; Roschelle et al., 2016; Se-
lent et al., 2016). In visual math, effective support requires binding labels and givens in the
figure to symbols in the solution, checking scales and units on graphs, and making geometric
relations explicit–practices aligned with diagram comprehension and multimedia learning prin-
ciples (Larkin and Simon, 1987; Sweller et al., 1998; Ainsworth, 2006; Mayer, 2020). Learners
who cannot see or access images depend on alternative representations such as alt text, ex-
tended descriptions, audio, or tactile graphics. Accessibility guidelines for STEM materials
stress that these alternatives must preserve task-relevant structure–naming entities, encoding ge-
ometric and quantitative relations, and clarifying scales and units–while managing cognitive
load (DIAGRAM Center, 2015; W3C Accessibility Guidelines Working Group, 2024; W3C
Web Accessibility Initiative, 2022; Braille Authority of North America (BANA), 2022; Marriott
et al., 2021; Benetech, 2019; ASSETS 2025 Organizing Committee, 2025; Trewin, 2019). When
tutors misread visual information or alternative descriptions omit key visual relations, students
may receive misleading guidance or be excluded from substantial portions of the curriculum.

Recent multimodal large language models (MLLMs) show strong performance on visual-
math benchmarks, but these evaluations rarely capture deployment-relevant reliability signals on
curriculum-authentic, image-dependent items. For tutoring and accessibility, the key questions
are run stability across stochastic runs, calibrated refusal when a required figure is missing, and
cross-model agreement on which items are reliably solvable.

For educational use, several evaluation gaps remain, particularly for image-dependent items.
Empirical studies of MLLMs on visual math report encouraging headline accuracies (Feng et al.,
2025; Sáez et al., 2025) but rarely examine run stability (repeatability across multiple stochastic
runs, i.e., independent attempts on the same item under the same prompt), provide limited evi-
dence about calibrated refusal (explicitly declining when required information such as a figure is
missing), and seldom measure cross-model agreement (whether different models tend to succeed
on the same items) on which items are reliably solvable. Coverage of middle-school curricula
and classroom-authentic problems is uneven, and explanation quality is often assessed infor-
mally or via coarse proxies rather than targeted audits of visual evidence binding, warranting,
and language calibration (Kadavath et al., 2022; Ouyang et al., 2022; Chen et al., 2025). Paral-
lel lines of work document persistent failures in visual reasoning, including perceptual misreads
and relational leaps (Rudman et al., 2025; Yin et al., 2025; Tang et al., 2025). Recent diagnostic
analyses further suggest that many apparent diagram “reasoning” failures originate in upstream
perception limits–especially fine-grained grounding–leading models to rely on text-driven short-
cuts rather than visual evidence (Sun et al., 2026). Recent benchmarks and educational analyses
emphasize the need to look beyond accuracy toward faithfulness in error handling and explana-
tion behavior (Yan et al., 2024; Zhang and Graf, 2025; Xia et al., 2025). Yet this line of work
is rarely connected to curriculum-authentic middle-school items, explicit image-dependence la-
bels (REQUIRED/USEFUL), or agreement and stability measures that are central for tutoring and
accessibility decisions.

1.1. POSITIONING AND NOVELTY

Our goal is complementary to recent work that introduces new architectures or large benchmark
suites for visual math: rather than proposing a new model or dataset at scale, we contribute
an evaluation framework tailored to educational deployment decisions on curriculum-authentic
items. In particular, we operationalize and audit an image-role taxonomy that determines which
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items are intrinsically image-Required, measure robustness under stochasticity via repeated runs
and item-level aggregates, and test calibrated behavior under missing modality by pairing with-
image and without-image conditions. These elements are central for tutoring and accessibility,
where systems must both solve reliably and decline responsibly when essential visual informa-
tion is absent.

This paper addresses these gaps through a systematic two-condition evaluation of six mul-
timodal LLMs–three reasoning-focused models (grok-4, o3, o4-mini) and three non-reasoning
models (gpt-4.1, gpt-4o, grok-2-vision)–on a curated set of 376 image-Required middle-school
items from Illustrative Mathematics (IM) (Mathematics, 2019). We first apply a dependence-
oriented taxonomy of image roles (REQUIRED, USEFUL, NOT REQUIRED, INSUFFICIENT) to
541 image-containing items, then perform a conservative, human-judged refinement focused
only on REQUIRED candidates: items are downgraded REQUIRED→USEFUL only when the
text alone supports a unique solution with no added assumptions. Each model then attempts
every REQUIRED item in three independent runs per condition: with-image (problem text +
original figure) and without-image (same text with the figure removed). The without-image ab-
lation probes whether models appropriately abstain when required information is missing rather
than guess–an important property for instructional and accessibility settings where figures may
be unavailable. As a controlled ablation, this design directly targets robustness (run stability;
repeatability across stochastic runs), calibrated refusal under missing modality, and cross-model
agreement on which items are reliably solvable.

1.2. KEY TERMS

We use item for one problem, run for one independent attempt, with-image/without-image for
whether the figure is provided, majority-correct (≥2/3) and always-correct (3/3) for item-level
robustness, refusal for explicit inability due to missing information, run stability for within-item
consistency across runs, and cross-model agreement for overlap in which items models solve.

1. RQ1 (Accuracy and run stability with images). How accurate and run-stable are these
models on image-Required items when figures are provided, and how do reasoning and non-
reasoning models compare?

2. RQ2 (Calibration without images). When images are removed on image-Required items,
do models appropriately refuse rather than guess, and how often do we observe guess-wrong
versus lucky-correct answers?

3. RQ3 (Cross-model agreement). To what extent do models agree on which image-Required
items are solvable with images, and what overlap exists in majority-correct and always-
correct items across models, including items solved consistently by all six?

4. RQ4 (Qualitative error patterns). Which visual reasoning and explanation errors persist
even when images are available, including cases where the final answer is correct but the
reasoning is incorrect or unsupported, and how do these error patterns differ across model
families?

Our contributions are threefold. First, we provide a stability- and calibration-focused evalua-
tion protocol for curriculum-authentic image-Required items, quantifying item-level robustness
(majority-/always-correct), refusal behavior, and uncertainty via bootstrap confidence intervals
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and family-level permutation tests (RQ1-RQ2). Second, we analyze cross-model agreement
on solvability and identify two reproducible benchmark subsets–61 ultra-gold items solved 3/3
by all six models and 76 gold items solved by all six at majority-correct–supporting future di-
agnostics and comparisons beyond single-shot accuracy (RQ3). Third, we conduct a focused
qualitative audit using a deterministic contrastive design on the exhaustive subset of REQUIRED

items where the two model families separate, enabling matched “winner vs. loser” compar-
isons on the same problem content and revealing distinct family-linked failure modes (RQ4).
Although we do not propose a new model architecture, these outputs are designed to enable
improvement: they identify which items are safe candidates for automated support versus those
requiring guardrails, and they motivate concrete system interventions (e.g., scaffolds that enforce
visual evidence binding and refusal-first/description-substitution strategies for accessibility).

2. RELATED WORK

2.1. MULTIMODAL LLMS FOR VISUAL MATH

Multimodal Large Language Models (MLLMs) accept images alongside text (Yin et al., 2024)
and increasingly perform well on visually grounded mathematical reasoning tasks such as dia-
gram interpretation, graph reading, and geometry (Yan et al., 2025; Yang et al., 2023). Alongside
instruction-tuned and math-specialized variants that aim to better ground symbolic steps in vi-
sual evidence and reduce errors like misreading scales or diagram relations (Shi et al., 2024;
Wang et al., 2025), benchmark suites curate image-centric problems and report aggregate ac-
curacy under standardized prompts (e.g., MathVista, MathVerse) (Lu et al., 2024; Zhang et al.,
2024), with diagnostic ablations such as MathFlow (Chen et al., 2025), which isolate percep-
tual subskills and reveal persistent difficulty when visual information is non-redundant. Re-
cent benchmarks also probe specific failure modes: VisioMath studies “visual-option” multiple-
choice items where answer choices are images that can differ only subtly, and option-shuffling
tests suggest models may rely on positional heuristics rather than robust text–image align-
ment (Li et al., 2026); EduVisBench instead evaluates the generation of pedagogically effec-
tive visualizations via a multi-dimensional rubric and introduces a multi-agent method (Edu-
VisAgent) to improve such outputs (Ji et al., 2025). Prior work reports encouraging headline
accuracies on visual-math evaluations (Feng et al., 2025; Sáez et al., 2025) and, separately,
studies perception diagnostics or pedagogical visualization generation; in contrast, we evaluate
whether MLLMs can use provided figures to solve curriculum-authentic middle-school items
and report deployment-relevant reliability signals (Sec. 3.1).

2.2. INTELLIGENT TUTORING SYSTEMS AND VISUAL PROBLEM SOLVING

ITSs emphasize stepwise problem solving, mastery learning, and data-driven adaptation (Cor-
bett and Anderson, 1994; Woolf, 2008; VanLehn, 2011). Classic approaches (e.g., model tracing
and knowledge tracing) represent student knowledge at the skill level and intervene with hints,
feedback, and worked examples (Anderson et al., 1995; Koedinger and Corbett, 2006; Pelánek,
2017). Modern platforms such as ASSISTments apply these ideas at scale, enabling item-level
analytics, randomized experiments, and rapid iteration on instructional policies (Heffernan and
Heffernan, 2014; Roschelle et al., 2016; Selent et al., 2016).

Visual math introduces challenges that strain text-only (without-image) pipelines. Diagrams
and graphs often encode quantities and relations that must be read before symbolic work can
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proceed. From a learning-sciences perspective, effective support requires binding labels and
givens in the figure to symbols in the solution, checking scales/units on graphs, and making
geometric relations explicit–practices aligned with multimedia learning and cognitive load prin-
ciples (Larkin and Simon, 1987; Sweller et al., 1998; Ainsworth, 2006; Mayer, 2020). For
classroom deployment, tutors must also handle missing or unreadable figures responsibly, pre-
ferring clarification or refusal over speculation.

2.3. ACCESSIBILITY: ALTERNATIVE REPRESENTATIONS OF VISUAL CONTENT

Accessible STEM materials require alternatives to diagrams and graphs that preserve task-
relevant information while managing cognitive load (DIAGRAM Center, 2015; Mayer, 2020;
Braille Authority of North America (BANA), 2022; W3C Accessibility Guidelines Working
Group, 2024). Common modalities include concise alt text, extended descriptions, audio narra-
tion, sonification, and tactile graphics. For mathematics, descriptions must name entities (e.g.,
points, segments, axes), encode relations/constraints (e.g., parallel, congruent, angle equality),
and clarify scales/units on graphs; shortcomings in these dimensions impair comprehension and
downstream problem solving (W3C Web Accessibility Initiative, 2022).

Standards emphasize accurate object naming, relation-centric phrasing, explicit units/tick
spacing, and progressive disclosure to avoid overload (ASSETS 2025 Organizing Committee,
2025; Trewin, 2019). For quantitative graphics, tabular summaries and axis metadata enhance
non-visual access (Marriott et al., 2021); for geometry, unambiguous verbalization of mark-
ings and constraints is critical (Benetech, 2019). Where appropriate, structural markup (e.g.,
MathML for expressions; structured lists/tables for graph data) further improves machine- and
human-readability.

2.4. EXPLANATIONS AND PEDAGOGY IN MATH LEARNING

For educational use, how an answer is communicated matters as much as whether it is correct.
The learning sciences highlight key ingredients of effective mathematical explanations: clear
step coverage, warranted inferences, and cognitive load management via signaling and struc-
ture (Mayer, 2020; Sweller et al., 1998). In tutoring contexts, explanations play diagnostic
and instructional roles, helping students trace which relations justify each step, pinpoint errors,
and generalize principles; this demands faithfulness to the underlying problem state (VanLehn,
2006).

Recent work on LLMs assesses the pedagogical quality of generated rationales, yielding
mixed results: models produce fluent, step-by-step text but often elide justifications, introduce
unwarranted assumptions, or skip intermediate checks (e.g., assuming unstated diagram symme-
tries without evidence) (Shi et al., 2025). Chain-of-thought “scratchpad” prompting can struc-
ture intermediates but falls short on faithfulness or correctness, necessitating independent ratio-
nale validation via verifier frameworks (Nye et al., 2021; Cobbe et al., 2021). Emerging strate-
gies like Pedagogical Chain-of-Thought (PedCoT) – a prompting technique for error-guided
reasoning–show promise in flagging symbolic slips or visual misreads (Jiang et al., 2024), but
remain untested at scale for visual tasks. These issues intensify in visual math, where useful ex-
planations must tie symbolic operations to depicted relations (e.g., citing why angles are equal
based on parallel markings), make scales and units explicit on graphs, and reference specific
visual evidence for each step.
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Despite these advances, gaps persist in evaluating LLM explanations for image-dependent
items, including explicit evidence binding to diagram elements (entities, relations, scales) (No-
bre et al., 2024), complete warranting of relations (e.g., parallel lines ⇒ alternate interior an-
gles) (Hwang et al., 2024), load-aware structure via signaling and progressive disclosure (Mayer,
2020), and calibrated language with hedging or refusal for missing info (Kadavath et al., 2022;
Ouyang et al., 2022; Chen et al., 2025). Such shortcomings highlight the need for targeted audits
of persistent failure modes (e.g., missing warrants for geometric relations, scale mishandling) to
inform tutoring scaffolds.

2.5. QUALITATIVE ERROR ANALYSIS IN VISUAL REASONING

Recent audits of MLLMs reveal taxonomies of persistent errors in visual math reasoning, such as
perceptual misreads in diagrams and relational leaps, even with images provided (Rudman et al.,
2025). Automated frameworks classify these into categories like data extraction and symbolic
slips, showing reasoning models mitigate but do not eliminate family-specific issues in geometry
and charts (Yin et al., 2025; Tang et al., 2025). Diagnostic evidence suggests many downstream
“reasoning” failures on diagrams trace to upstream perception limits. For example, Sun et al.
(2026) introduce MATHEMETRIC, a perception-isolating suite (1,198 images; 1,609 questions)
spanning shape classification, object counting, relationship identification, and object grounding,
and report near-zero accuracy on fine-grained grounding for general-purpose MLLMs. They
further characterize a “blind faith in text” pattern, where weak diagram perception leads models
to rely on textual shortcuts rather than visual evidence. Complementary audits and educational
analyses emphasize evaluating faithfulness and error handling beyond top-line accuracy (e.g.,
ErrorRadar (Yan et al., 2024); (Zhang and Graf, 2025; Xia et al., 2025)). We extend these lines
by examining how such perception-linked failures manifest on curriculum-authentic middle-
school image-Required items, and by quantifying run stability, calibrated refusal under image
removal, and cross-model agreement on solvability.

2.6. IMAGE-ROLE TAXONOMIES AND RELIABILITY

Determining whether a figure is REQUIRED, USEFUL, or NOT REQUIRED (plus an INSUFFI-
CIENT catch-all) is partly subjective and thus benefits from explicit taxonomies and reliability
checks. Prior work in educational data mining recommends concise, operational definitions,
multiple independent coders, and transparent reporting of agreement (e.g., Cohen’s κ, Krippen-
dorff’s α) with adjudication procedures (Cohen, 1960; Krippendorff, 2011; Eagan et al., 2020).
Agreement statistics are sensitive to class prevalence and unit of analysis, so reporting chance-
corrected coefficients alongside raw contingency counts aids interpretability. However, existing
schemes for visual dependence in math education–such as those emphasizing epistemic roles
in scientific practices (Evagorou et al., 2015) or cognitive hierarchies in visual tasks (Arneson
and Offerdahl, 2018)–largely focus on representational types or instructional utility, without a
structured evaluation of necessity relative to text (e.g., whether key quantitative or relational
information is only available in the figure, redundantly available but helpful, or fully recover-
able from text alone). This gap motivates the need for a dependence-based taxonomy tailored to
visual-dependent math problem solving.
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3. METHODS

3.1. OVERVIEW AND EVALUATION DIMENSIONS

We evaluate six MLLMs on IM items (Sec. 3.2) under two conditions (with-image vs. without-
image) with repeated runs per item (Sec. 3.3). We report deployment-relevant reliability sig-
nals: run stability (consistency of correctness across runs for the same item/prompt); cali-
brated refusal (whether refusal/unsolvability behavior appropriately shifts between with-image
and without-image when required information is removed); and cross-model agreement (cross-
model concurrence on item-level solvability).

3.2. DATASET AND LABELS

We curate a dataset of middle-school mathematics items from Illustrative Mathematics (IM)
(Grades 6–8, standard and accelerated). To enable automated scoring and repeated evaluation,
we retain only English items with a single machine-scorable final response and exactly one ped-
agogical image in the problem stem. We excluded items with images only in answer options,
items with multiple stem images, and items where the only “image” content is a rendered math-
ematical expression (e.g., MathML/LaTeX-as-image) or other non-interpretive assets that do
not require visual reasoning. This yielded 541 unique image-containing, auto-scorable items,
each with a stable identifier, original text prompt, and an associated image. The full list of item
identifiers and image-role labels is included in the accompanying reproducibility materials.

Each item was annotated for image role using four codes: REQUIRED, USEFUL, NOT RE-
QUIRED, and INSUFFICIENT. A single rater (first author) applied a frozen operational code-
book (below), following standard guidance for reproducible coding and agreement reporting in
EDM (Cohen, 1960; Krippendorff, 2011; Eagan et al., 2020). Because downstream analyses
condition on these image-role labels and the Required–Useful boundary is inherently judgment-
based, we treat the labels as operational categories rather than objective ground truth; accord-
ingly, we documented decision rules in the operational codebook, froze definitions prior to the
reliability audit, and report agreement and confusion matrices to make remaining uncertainty
transparent.

3.2.1. Labeling workflow and consistency checks

The rater recorded labels in a structured form while viewing each item’s text and stem image.
We deduplicated cross-listed items to a single canonical instance per stable identifier before
analysis. After an initial pass, the rater completed a second consistency pass and generated
per-label review PDFs to support targeted auditing of the REQUIRED set.

3.2.2. Decision criterion at the REQUIRED–USEFUL boundary

We operationalize this boundary as necessity vs. sufficiency: REQUIRED if the image contributes
at least one task-critical constraint needed for a unique solution; USEFUL if the text alone is
sufficient and the image is redundant-but-helpful (see definitions below).

3.2.3. Inter-rater reliability (image-role labels)

A second rater independently coded a stratified audit set (n = 153) using the frozen definitions,
blind to the first author’s labels, model outputs, and refinement flags. Across the four labels,
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agreement was 71.9% (110/153) with Cohen’s κ = 0.591 (95% CI [0.492, 0.687]). Collapsing
to a binary boundary (REQUIRED vs. non-REQUIRED) yielded 88.2% agreement (135/153) with
κ = 0.764 (95% CI [0.657, 0.865]). Disagreements concentrated near the REQUIRED–USEFUL

boundary; confusion matrices appear in Appendix D and audit-set composition in Appendix C.

3.2.4. Operational definitions (image role)

Labels reflect whether the text alone (or text+figure) is sufficient for a unique solution without
additional assumptions.

• REQUIRED: At least one task-critical quantity, relation, label, or structural constraint is present
only in the image and cannot be recovered from the text alone without inventing information.

• USEFUL: The text alone is sufficient for a unique solution, and the image provides redundant
but task-relevant support (e.g., clarifying correspondences, disambiguating interpretation, or-
ganizing information, reducing cognitive load).

• NOT REQUIRED: The image is non-essential and does not materially aid solving (adds no
constraints and does not clarify or disambiguate the text).

• INSUFFICIENT: Even with the image, the item is underspecified for a unique correct answer
(e.g., missing units/scale/dimensions).

3.2.5. Worked exemplars

To make distinctions among REQUIRED, USEFUL, NOT REQUIRED, and INSUFFICIENT con-
crete, Appendix A provides one representative item for each label with a brief justification
aligned to the operational definitions.

3.2.6. Refinement protocol (flag-then-review; not model-defined labels)

We performed a conservative flag-then-review pass on items initially labeled REQUIRED. Model
behavior served only to prioritize human review (e.g., any without-image correct run triggered
a flag); reclassification decisions were based solely on applying the operational definitions to
the item text (independent of model outputs). An item was downgraded REQUIRED→USEFUL

only when the text explicitly contained all task-critical quantities/relations for a unique solution
without introducing assumptions. Six items were downgraded (Table 14), yielding N = 376
REQUIRED items (Table 1); flagged items failing the text-sufficiency criterion were retained as
REQUIRED (Table 15). We release both initial and refined labels; image-dependence analyses
use the final REQUIRED set.

3.2.7. Solvable without assumptions (without-image)

For the refinement pass, we define an item as solvable from text alone without assumptions if:
all quantities, labels, and relations needed for a unique solution are explicitly stated in the text;
no step requires guessing a value, selecting among multiple plausible diagram interpretations, or
inferring an unstated scale/unit; and the solution does not rely on generic defaults (e.g., assuming
symmetry, equal partitioning, or unlabeled correspondences). When without-image solvability
depended on any such inference, the item remained labeled REQUIRED.
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Table 1: Final problem classification after refinement. Percentages are of the 541 image-
containing items.

Classification Count Percent

Required 376 69.5%
Useful 122 22.6%
Not Required 26 4.8%
Insufficient 17 3.1%

Total 541 100.0%

Table 1 reflects naturally occurring prevalence within the image-containing subset (541
items), where many figures encode non-redundant quantities or relations and thus fall under
REQUIRED. Because we do not train a supervised model to predict these labels, we report
prevalence and downstream evaluation results by stratum (e.g., restricting core analyses to RE-
QUIRED) rather than applying class-balancing methods such as the Synthetic Minority Over-
sampling Technique (SMOTE) (Chawla et al., 2002). Accordingly, classification metrics for
imbalanced label prediction (e.g., AUC/F1) are not applicable; our reported accuracy measures
item-solving correctness on the evaluated item set.

3.3. MODELS AND SETTINGS

We evaluate six contemporary multimodal LLMs (Table 2). For readability, we use the short
codes in all subsequent tables and figures, and we aggregate by Type (Reasoning vs. Non-
reasoning) when comparing families.

Table 2: Model key (codes used throughout). Full version strings specify the exact checkpoints
evaluated.

Code Full model/version

Non-reasoning
gpt-4.1 gpt-4.1-2025-04-14
gpt-4o gpt-4o-2024-08-06
grok-2 grok-2-vision-1212

Reasoning
grok-4 grok-4-0709
o3 o3-2025-04-16
o4-mini o4-mini-2025-04-16

Each model received three independent runs per REQUIRED item under two conditions (with
image vs. without-image), enabling estimation of run stability and calibrated refusal as defined
in Sec. 3.1. Provider defaults governed stochasticity; repeated runs estimate stability rather than
enforcing determinism. We log model/version, condition, run index, final answer, correctness,
and refusal. Evaluations used paid API access with anonymized prompts; no user data was
collected.
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3.4. PROMPTING AND SCORING

3.4.1. Stimuli

In the with-image condition, models received the original problem text and the associated figure.
In the without-image condition, the same text was presented with the figure omitted. All prompts
used a consistent instruction header and a lightweight structured response to ease parsing.

3.4.2. Correctness

A run is scored correct when the model’s extracted final answer matches the item’s reference
answer under our normalization and equivalence procedure (Appendix E.4). Briefly, we ap-
ply lightweight string normalization and then test algebraic/numeric equivalence using SymPy
simplification when expressions can be parsed. Reference answers in this filtered dataset are
unitless, so we do not perform unit-equivalence checks or unit conversions. We do not apply
numeric tolerances. Correctness scoring is fully automated and does not depend on qualitative
coding.

3.4.3. Refusal

We treat a run as a refusal when the model sets isSolvable=false in the structured re-
sponse. Because isSolvable is present for every run, we do not attempt to infer refusal
from free-text language (e.g., statements like “I cannot see the image”). Refusals are reported
as a separate rate but are treated as incorrect for accuracy and item-level solvability calcula-
tions (e.g., majority-correct, ≥ 2/3 runs). A representative no-image refusal example is shown
in Appendix B.

3.4.4. Qualitative audit (RQ4)

We conducted a focused qualitative audit on 83 REQUIRED, with-image problems drawn from
the same final REQUIRED set used in the quantitative analyses (N = 376). The audit set is
exhaustive rather than randomly sampled: it contains all items on which the two model families
separate under our run-level rule (at least one model in one family achieves ≥ 1/3 correct runs,
while all models in the other family achieve 0/3). For each audited item, we compared two
responses with the problem content held fixed: one winner response from the succeeding family
and one loser response from the failing family. This yields a main stratum where the reasoning
family succeeds and the non-reasoning family fails (n = 68), and a counter-stratum where the
non-reasoning family succeeds and the reasoning family fails (n = 15).

The coding unit was a single model response (steps plus final answer). Winner responses
were selected deterministically from the succeeding family by restricting to models that solved
the item and breaking ties using a stable SHA-256 hash of the problem identifier; loser re-
sponses were selected by cycling deterministically across models in the failing family using the
same hash-derived index. We used the first correct attempt for winners (preferring attempt 1;
otherwise the first correct among attempts 2–3) and, for losers, the first attempt with parsed
reasoning steps (else attempt 1). To reduce expectation effects, model names and family labels
were masked in the coder view (responses randomized and stripped of identifiers; problem IDs
anonymized), while the original stem and figure were shown verbatim.
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Two raters performed the audit. The first author served as a domain-expert coder; a second
researcher provided independent ratings on a subset. Both raters calibrated on ten practice re-
sponses using the draft codebook, discussed discrepancies, and clarified decision rules before
formal coding.

The taxonomy began as seven fine-grained codes (Appendix L). Pilot double-coding indi-
cated disagreements concentrated among fine-grained visual subtypes and near the No-error ver-
sus minor explanation/format boundary. For analysis, we merged visual perception failures into
Visual misread and grouped non-visual communication failures under EXPLANATION/FORMAT,
retaining REFUSED for explicit non-solves due to missing information (isSolvable=false;
Table 7). Responses with correct answers and adequate explanations were labeled No-error and
were not counted as errors. Each response received one primary code corresponding to the ear-
liest failure in the reasoning chain; coders recorded the triggering span and, when applicable,
the relevant figure evidence.

To concentrate reliability effort where variance was highest, we double-coded the rarer
counter-stratum (n = 15; 15/83 = 18.1%) and single-coded the main stratum (n = 68) by
the first author. On the double-coded set (merged taxonomy; nominal), inter-rater reliability
for non-reasoning responses was Krippendorff’s α = 0.584. For reasoning responses in the
same stratum, refusal (via isSolvable) matched perfectly; after merging, the remaining non-
refusal reasoning codes collapsed to a single category, so α was not informative. Disagreements
were adjudicated to a single primary label for reporting. Because the audit set is purposefully
constructed, proportions are treated as descriptive of this contrastive set.

3.5. METRICS

3.5.1. Rationale for κ (RQ3)

For cross-model agreement on REQUIRED, with images, each model provides a binary label
per item: solved (correct under majority-correct, ≥ 2/3 runs) vs. not solved (wrong or refusal).
Using majority-correct labels reduces sensitivity to within-item run noise by collapsing three
stochastic attempts into a single item-level outcome.

We compute pairwise Cohen’s κ on these labels because it corrects observed agreement po by
the chance agreement pe implied by model-specific base rates: κ = po−pe

1−pe
. This yields a chance-

corrected measure of whether two models succeed on the same items, not merely whether they
have similar accuracies.

We report solved-by-k coverage in Appendix G and the underlying contingency counts (en-
abling κ reconstruction) in Appendix H for transparency. To further assess set-level robustness
independent of base rates, we report the Jaccard index on “solved” sets (majority-correct) for
each model pair: J(A,B) = |A∩B|

|A∪B| , provided in Appendix I.
We predefine the following metrics:

• Accuracy (majority-correct): fraction of items for which the model is correct on at least 2
of 3 runs (≥ 2/3). Items are the unit (i.e., an item-level “solved” rate under the majority rule).

• Consistency: percentage of items for which correctness is identical across all three runs (all
correct or all wrong), per model and condition.

• Without-image behavior: for model m, let N be the number of evaluated runs on Required
items and let n(m)

ref , n
(m)
gw , n

(m)
lc be the counts of refusal, guess-wrong (answered and incorrect),
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and lucky-correct (answered and correct) responses, respectively. We report rates

refm =
n
(m)
ref

N
, gwm =

n
(m)
gw

N
, lcm =

n
(m)
lc

N
.

By construction, refm + gwm + lcm = 1.

• Cross-model agreement: pairwise Cohen’s κ on item-level correctness and the proportion of
items answered correctly by all models.

All core analyses restrict to the final Required set unless explicitly stated.

3.5.2. Uncertainty and family contrasts

Using items as the unit, we compute 95% bootstrap confidence intervals (10k resamples) for
majority-correct solved rate, refusal rate, and item-level consistency. For family-level contrasts
(Reasoning vs. Non-reasoning), we use item-level permutation tests that shuffle model-to-family
assignments while preserving the 3-vs-3 split; we report the observed effect (percentage-point
difference) and a two-sided p-value.

4. RESULTS

4.1. PERFORMANCE AND STABILITY ON REQUIRED (WITH IMAGES)

We restrict all performance analyses to the Required set (N = 376 items), with three runs per
item (1,128 runs per model). Table 3 summarizes item-level majority-correct accuracy (≥ 2/3
runs), refusal rate, and correctness consistency, each with 95% bootstrap confidence intervals
(10k resamples; items as unit). Table 4 provides the corresponding run counts.

Table 3: Required, with images (N = 376): item-level majority-correct accuracy (≥ 2/3 runs),
refusal rate, and correctness consistency with 95% bootstrap CIs (10k resamples; items as unit).
Refusal is the mean per-item refusal rate over 3 runs. Consistency is the fraction of items that are
either 3/3 correct or 0/3 correct. Codes refer to Table 2.

Model Accuracy (95% CI) Refusal (95% CI) Consistency (95% CI)

Non-reasoning
gpt-4.1 42.6% [37.8, 47.6] 15.6% [12.2, 19.2] 83.5% [79.8, 87.2]
gpt-4o 35.4% [30.6, 40.2] 13.3% [10.1, 16.7] 82.5% [78.5, 86.2]
grok-2 34.0% [29.3, 38.8] 6.7% [4.5, 9.0] 84.3% [80.6, 88.0]

Reasoning
grok-4 40.2% [35.4, 45.2] 31.7% [27.6, 35.8] 85.4% [81.7, 88.8]
o3 52.4% [47.3, 57.5] 19.1% [15.8, 22.5] 79.0% [74.7, 83.0]
o4-mini 57.7% [52.7, 62.8] 10.7% [8.2, 13.5] 79.0% [74.7, 83.0]
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Table 4: Required, with images: run-level outcome counts out of 1,128 runs per model. Codes
refer to Table 2.

Model Correct Incorrect Refusal

Non-reasoning
gpt-4.1 482 470 176
gpt-4o 425 553 150
grok-2 389 664 75

Reasoning
grok-4 458 313 357
o3 604 309 215
o4-mini 650 357 121

Takeaway All models exhibit high run stability on Required items (consistency ≈79-85%).
Reasoning models achieve the highest majority-correct item-level solved rates (o4-mini 57.7%,
o3 52.4%), while non-reasoning models range from mid-30s to low-40s. Refusal rates with
images are model-dependent and vary substantially (e.g., grok-4 highest), rather than being
uniformly lower for the reasoning family (Table 3).
Uncertainty We report item-level 95% bootstrap confidence intervals (10k resamples) for majority-
correct accuracy, refusal rate, and item-level consistency in Table 3 and Fig. 3; full details are
in Appendix K. At the family level, we report permutation tests that shuffle model-to-family
assignment (3 vs. 3 models), using items as the unit for the effect statistic; these did not detect
reliable differences in majority-correct solved rate (Reasoning−Non: +12.77 pp, p = 0.197),
with-image refusal (+8.63 pp, p = 0.298), or item-level consistency (−2.30 pp, p = 0.400).

4.2. ITEM OVERLAP AND ROBUSTNESS (REQUIRED, WITH IMAGES)

We next examine how broadly each Required item is solved across models under two robustness
notions: always-correct (3/3 runs) and majority-correct (2/3 or 3/3 runs). Rather than report-
ing only run-level accuracy, this view asks: for each item, how many models solve it–none, a
few, or all? The full distribution of “exactly k models solved” under 3/3 and 2/3+ appears in
Appendix G, Table 19. In brief, the 3/3 criterion concentrates mass toward smaller k (stricter ro-
bustness), while the 2/3+ criterion shifts mass toward larger k (more inclusive), clarifying which
items are broadly accessible to current models versus idiosyncratic to specific models.

4.3. BEHAVIOR WITHOUT IMAGES ON REQUIRED

When figures are removed on Required items, we assess calibration by splitting runs into refusal
versus answering (guess-wrong or lucky-correct), and we report item-level consistency (identi-
cal correctness across three runs). Table 5 summarizes run-level counts and percentages for each
model (denominators: 3× 376 = 1,128 runs/model; 376 items/model).

Across all six models, refusals dominate: 1,076–1,115 of 1,128 runs/model (95.4%–98.9%).
Answering is rare: guess-wrong ranges from 3–34 runs (0.3%–3.0%) and lucky-correct from
10–30 runs (0.9%–2.7%). No-image behavior is extremely stable: item-level consistency
spans 367–375 of 376 items (97.6%–99.7%).
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Notable differences are small but informative: grok-4 shows the highest refusal rate (1115/1128;
98.9%); o4-mini has the most lucky-correct answers (30/1128; 2.7%); grok-2 produces the
most guess-wrong answers (34/1128; 3.0%); and gpt-4.1 reaches the highest item-level con-
sistency (375/376; 99.7%). Overall, models are appropriately calibrated to refuse rather than
speculate when critical visuals are missing; small rates of lucky-correct answers remain and are
model-dependent.

Table 5: Required, without images: run-level Count and Percent, plus item-level consistency
(items with identical correctness across three runs). Codes refer to Table 2.

Refusal Guess-wrong Lucky-correct Consistency

Model Count Percent Count Percent Count Percent Count Percent

Non-reasoning
gpt-4.1 1102 97.7% 10 0.9% 16 1.4% 375 99.7%
gpt-4o 1092 96.8% 26 2.3% 10 0.9% 373 99.2%
grok-2 1076 95.4% 34 3.0% 18 1.6% 367 97.6%

Reasoning
grok-4 1115 98.9% 3 0.3% 10 0.9% 373 99.2%
o3 1101 97.6% 10 0.9% 17 1.5% 374 99.5%
o4-mini 1084 96.1% 14 1.2% 30 2.7% 374 99.5%

4.4. CROSS-MODEL AGREEMENT

Agreement across the six models shows meaningful within-family coherence and lower agree-
ment across families; see Table 6 and Fig. 1.

Table 6: Pairwise agreement (Cohen’s κ) on Required, with images. Cells use model codes from
Table 2; values are computed on majority-correct labels (≥ 2/3 runs).

Model gpt-4.1 gpt-4o grok-2 grok-4 o3 o4-mini

gpt-4.1 1.00 0.68 0.59 0.56 0.58 0.46
gpt-4o 0.68 1.00 0.65 0.56 0.50 0.43
grok-2 0.59 0.65 1.00 0.54 0.45 0.39
grok-4 0.56 0.56 0.54 1.00 0.53 0.51
o3 0.58 0.50 0.45 0.53 1.00 0.64
o4-mini 0.46 0.43 0.39 0.51 0.64 1.00

Summary Agreement on which Required items are solvable with images was moderate overall
(mean off-diagonal Cohen’s κ = 0.54). Within-family agreement exceeded cross-family: the
non-reasoning trio averaged κ = 0.64, the reasoning trio κ = 0.56, while cross-family pairs
averaged κ = 0.50. The most aligned pair was gpt-4.1 vs. gpt-4o (κ = 0.68), and the least
aligned was grok-2 vs. o4-mini (κ = 0.39). We also identify 76 Required items solved by all
six models at majority-correct and 61 at always-correct (3/3), which we release as “gold” and
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Figure 1: Agreement heatmap on Required items with images (majority-correct labels, ≥ 2/3
runs).

“ultra-gold” benchmarks. For coverage context, Table 20 in Appendix G reports the distribution
of items solved by exactly k models for both criteria (majority-correct and always-correct).

As a robustness view without chance correction, pairwise Jaccard overlaps on “solved” sets
mirror the pattern (Appendix I): within-family overlaps are high (both families ≈ 0.63) and
exceed cross-family (≈ 0.55), with the largest raw overlap for o3-o4-mini (J ≈ 0.72).

4.5. QUALITATIVE ERROR ANALYSIS

We summarize the 83-item contrastive qualitative audit described in Section 3.4.4. Briefly, for
each audited item we code one winner response (from the family that achieves ≥ 1/3 correct
runs) and one loser response (from the other family with 0/3), using the merged taxonomy in
Table 7; No-error is tracked separately and not counted as an error. Because the audit set is
constructed to isolate family separation, reported proportions are descriptive of this contrastive
set; we include 95% Wilson confidence intervals for key proportions (Appendix K.1).

Primary outcomes (Table 8) Visual misread was the dominant failure mode when errors
occurred, including cases where the final answer happened to be correct. Because winner re-
sponses are selected from correct attempts by construction, Visual misread in the winner rows
indicates “right answer for the wrong reason”: this occurs in 15/68 (22.1%) of reasoning wins
and 8/15 (53.3%) of non-reasoning wins (Table 8). Any response whose steps misinterpreted the
figure was labeled Visual misread regardless of final-answer correctness. In the main stratum
(n = 68), non-reasoning losers were labeled Visual misread in 58/68 (85.3%; 95% CI [75.0,
91.8]) and refused in 9/68 (13.2%; 95% CI [7.1, 23.3]), while reasoning winners were labeled
Visual misread in 15/68 (22.1%; 95% CI [13.8, 33.3]) and No-error in 52/68 (76.5%; 95% CI
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[65.1, 85.0]). In the counter-stratum (n = 15), reasoning losers refused in 8/15 (53.3%; 95% CI
[30.1, 75.2]) and were labeled Visual misread in 7/15 (46.7%; 95% CI [24.8, 69.9]).

Explanation/format Explanation/format issues were rare in the main stratum and typically
reflected a correct approach expressed in the wrong requested form (e.g., solving for x when the
item asked for an expression).

Family differences The contrastive design isolates different failure modes by family: when
non-reasoning models fail on items that reasoning models solve (main stratum), their errors
are predominantly Visual misread; conversely, when reasoning models fail on items that non-
reasoning models solve (counter stratum), failures split between refusal and visual misread.
When reasoning succeeds in the main stratum, most responses are No-error with an adequate
explanation (Table 8).

Table 7: Merged qualitative taxonomy used in the audit (three error categories). Each response
receives one primary label; No-error (correct answer with an adequate explanation) is tracked
separately and is not counted as an error.

Label Description

Visual misread
• Misreading axes, tick spacing, or scale units
• Failing to extract visual symbols (e.g., dots,

blocks, shaded units, icons)
• Misinterpreting geometric relations (e.g., paral-

lel, similar, angles, tick marks)
• Misreading embedded text or labels in the dia-

gram

Explanation/format
• Correct or near-correct approach, but the expla-

nation is terse, skips key steps, or is unclear
• Correct reasoning in steps, but wrong final an-

swer due to output format or misunderstanding
of the requested form

Refused isSolvable=false (model indicates the item
is not solvable under the given inputs).

16



Table 8: Primary outcome distribution by problem set (merged taxonomy).

Stratum
(family role) Visual misread Explanation/format Refused No-error

Counter (15)
NON win 8/15 (53.3%) 4/15 (26.7%) 0/15 (0.0%) 3/15 (20.0%)

Counter (15)
REASON lose 7/15 (46.7%) 0/15 (0.0%) 8/15 (53.3%) 0/15 (0.0%)

Main (68)
REASON win 15/68 (22.1%) 1/68 (1.5%) 0/68 (0.0%) 52/68 (76.5%)

Main (68)
NON lose 58/68 (85.3%) 1/68 (1.5%) 9/68 (13.2%) 0/68 (0.0%)

• Percentages over total problems in set; each row sums to 100%.
• No-error indicates a correct answer with an adequate explanation.
• Refused is an explicit decline to solve due to missing information.
• NON = non-reasoning model family; REASON = reasoning model family (Table 2).
• win/lose indicates whether that family solved the item under our run-level rule; the opposite family did not.
• Counter rows are the double-coded counter-stratum (disagreements adjudicated).
• Main rows are the single-coded main stratum.

5. DISCUSSION

5.1. ANSWERS TO RQ1–RQ3

The quantitative results in Section 4 support three deployment-relevant conclusions: with im-
ages, model behavior is reasonably stable across repeated attempts, with tight uncertainty; when
required figures are removed, models generally avoid speculative answering by refusing; and
solvability judgments vary across models, motivating multi-model robustness views and our re-
leased benchmark subsets. Together, these findings argue for a reliability-first evaluation stance
in educational settings: gate automated feedback and scoring not on single-run accuracy, but on
within-model stability and cross-model corroboration.

5.2. ANSWER TO RQ4 (QUALITATIVE PATTERNS)

Across the contrastive audit, the primary family difference is where failures occur in the solution
pipeline. When non-reasoning models fail on items that reasoning models solve, errors are dom-
inated by Visual misread (Table 8), consistent with the idea that small perceptual or formatting
differences can cascade into downstream symbolic errors (Closser et al., 2024). Reasoning-
family responses show substantially fewer visual misreads in this stratum, aligning with prior
evidence that stronger reasoning supervision can improve grounded, stepwise solutions (Wei
et al., 2022; Kojima et al., 2022).

When non-reasoning models succeed (counter-stratum), residual errors more often reflect
Explanation/format issues (e.g., underspecified steps or responding in the wrong requested
form), which fits concerns about overconfident or incomplete rationales even when the final
answer is correct (Kalai et al., 2025). Overall, the audit suggests a practical interpretation for
tutoring: reasoning models more often clear the perceptual grounding step, while non-reasoning
models’ mistakes more frequently originate in visual evidence extraction; conversely, when ei-
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ther family succeeds, the remaining gap is often communicative fidelity rather than core compu-
tation (Table 8).

5.3. ACCESSIBILITY

The refusal-first behavior without images is a desirable safety property for assistive use: systems
should elicit the missing figure (or a structured textual description) rather than speculate, consis-
tent with guidance on relevance-preserving generative interactions in math tutoring (Levonian
et al., 2025). Our released gold/ultra-gold subsets provide a practical testbed for accessibility:
they are natural candidates for description-substitution experiments comparing original figures
to vetted human (or model-assisted) descriptions while monitoring effects on accuracy, stability,
and refusal.

5.4. IMPLICATIONS FOR ITS DESIGN, SCORING, AND LEARNER MODELING

For ITS deployment, the key question is not only whether a model is accurate, but whether its
behavior is reliable enough to support system design decisions, automated scoring, and learner-
model updates, consistent with prior educational LLM evaluation work that treats predictive
consistency as a key dimension alongside accuracy (Tran et al., 2024). In image-dependent
math, this reliability question is inseparable from visual evidence availability: when an item
is REQUIRED, a system must distinguish learner error from missing-figure conditions before
assigning credit or updating mastery. Our REQUIRED/USEFUL labeling and no-image refusal
analysis operationalize this distinction, providing a practical criterion for when automated scor-
ing and learner-model updates are valid versus when the system should first elicit the missing
visual information. Our automated correctness pipeline (Appendix E.4) enables scalable solv-
ability estimates, while run stability and cross-model agreement provide concrete deployment
gates; this mirrors recent findings in automatic evaluation that panel-style corroboration across
multiple LLM judges can improve reliability over single-judge settings (Verga et al., 2024; Bad-
shah and Sajjad, 2025). For example, high-agreement items (e.g., those solved by ≥ 5 models at
majority-correct; Appendix Table 20) are stronger candidates for automated feedback and down-
stream learner-model updates, since outcomes are less sensitive to sampling noise and model
idiosyncrasies. Conversely, low-agreement items should trigger guardrails by design–fallback
to human-authored hints, scaffolds that elicit explicit visual-evidence binding before algebra,
or deferral–rather than treating model output as scored evidence. For deployment, no-image
refusals can be treated as missing-context indicators and used to suppress automated scoring or
learner-model updates until the required visual information is provided. When automated feed-
back is given, systems should prefer evidence-linked outputs that make clear what local signals
support global judgments (Whitehill and LoCasale-Crouch, 2024).

6. LIMITATIONS

Our study has several limitations worth noting. We evaluated models on a single curriculum,
which may not reflect the full diversity of middle-school math problems across formats, grades,
or visual styles. The models themselves are evolving rapidly.

A related limitation is potential dependence on image type and diagram conventions. The
items in our dataset include multiple visual forms (e.g., Cartesian graphs, geometric figures
with conventional markings, measurement diagrams, and representational models such as tape
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diagrams). Model performance may vary substantially across these types–for example, graphs
and coordinate systems require accurate extraction of axes, scale, and plotted points; geometry
relies on conventions such as tick marks, angle arcs, and parallel/perpendicular indicators; and
real-world or schematic diagrams may require interpreting informal pictorial cues. Because we
draw from a single curriculum, diagram styles and conventions are relatively consistent, which
may make evaluation easier than settings where conventions vary across sources. Conversely,
results may not transfer to curricula with different visual encodings, noisier renderings, or more
heterogeneous diagram styles. Stratifying analyses by image type is an important next step for
understanding when and why errors such as Visual misread occur and for designing targeted
mitigations.

A further alternative explanation is potential training-data exposure (data contamination).
IM materials are publicly available, so some item text (and possibly figures) could plausibly
appear in web-scale corpora used to train or tune modern foundation models. If an evaluated
model has memorized an item or a near-duplicate, it could produce a correct answer in the
no-image condition without actually inferring missing visual information, inflating estimates
of without-image solvability or “lucky-correct” behavior. This concern is consistent with ev-
idence that some apparent mathematical “reasoning” in LLMs can be brittle under controlled
perturbations (e.g., changing only numeric values) (Mirzadeh et al., 2025). Our design partially
mitigates this concern by comparing with-image versus no-image behavior on the same prompt
text and by manually auditing REQUIRED-labeled items that achieved any no-image correct-
ness in the refinement pass (Appendix C), retaining items as REQUIRED when without-image
success required assumptions or ambiguous inference. Nonetheless, we do not claim to fully
rule out contamination, and dedicated checks (e.g., near-duplicate detection, paraphrase-based
re-evaluation, or evaluation on newly authored items) remain important future work.

Image-role labeling necessarily involves judgment. The full 541-item labeling was produced
by a single rater using a frozen operational codebook; to assess reliability, we conducted an in-
dependent second-rater audit on a stratified subset of 153 items and report chance-corrected
agreement for both the four-way taxonomy and the REQUIRED vs. non-REQUIRED boundary
(Appendix D). Consistent with prior observations that “usefulness” is more subjective, disagree-
ments in the audit concentrated in the USEFUL vs. NOT REQUIRED distinction, while agreement
on the high-stakes REQUIRED boundary was stronger.

To further reduce accidental over-labeling of REQUIRED, we performed a conservative flag-
then-review refinement pass focused only on REQUIRED-labeled items, using no-image correct-
ness under our prompt and scoring protocol only as a screening signal and adjudicating all final
decisions against the operational definitions (Appendix C). This step strengthens confidence that
items retained as REQUIRED contain task-critical information that is not recoverable from text
alone without adding assumptions, but it may miss other boundary cases that different models,
prompts, or scoring rules would surface; this dependence is likely conservative in that it tends
to retain borderline items as REQUIRED rather than incorrectly downgrading them.

The qualitative audit, though focused and revealing, covered only 83 problems (a contrastive
subset where the two model families separate under our run-level rule). Accordingly, we treat
these codes as mechanism-finding and hypothesis-generating rather than statistically powered
evidence for family-wide prevalence claims; scaling qualitative labeling to much larger item
sets (e.g., with validated automated or LLM-assisted coding protocols) is an important direc-
tion for future work. We merged fine-grained visual errors (e.g., misreading axes vs. diagram
relations) into a single Visual misread category due to rater disagreement–a necessary trade-off
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for reliability, but one that obscures nuance. The original 7-category taxonomy is provided in
Appendix L for transparency.

We did not include a human baseline–neither student nor teacher performance–so we cannot
say how LLMs compare to learners in perception or explanation clarity. Nor did we explore
alt-text generation, scaffolding prompts, or human-LLM collaboration, all promising directions
for real-world tutoring.

A further limitation is that we do not analyze which textual cues in an item (e.g., explicit
figure references such as “as shown in the diagram”) predict refusal versus guessing in the
without-image condition. The released item-level artifacts enable such analyses.

Finally, agreement metrics could be defined differently–for example, over non-refusal at-
tempts or as a three-way code (correct/wrong/refusal). We chose correctness as the primary
signal for pedagogical utility and report refusal separately (RQ2), but alternative definitions
remain valuable robustness checks.

7. FUTURE WORK

Our findings highlight the superior visual perception and explanation clarity of reasoning mod-
els, alongside persistent gaps in non-reasoning models. To build on these insights and move
toward practical, learner-facing systems, we outline several promising directions for future ex-
ploration.

A natural next step is to strengthen image-role labeling through multi-rater coding. A concise
codebook could be applied by several raters, with agreement metrics and adjudication protocols
reported. Re-running analyses on a consensus set, with sensitivity to labeling thresholds, would
help assess the robustness of our Required classification.

To broaden generalizability, we plan to expand the corpus beyond Grades 6-8, while tagging
items by figure type (e.g., graphs, diagrams, tables) and visual complexity. This would support
strand-level analyses and difficulty modeling (e.g., using Rasch/IRT), treating model runs as
responses.

For accessibility, the gold and ultra-gold benchmarks–items solved with images and respon-
sibly refused without–offer an ideal testbed for textual description substitution. Randomized
comparisons of vetted human descriptions versus original figures could measure effects on ac-
curacy, stability, and refusal rates, with input from blind or low-vision users. A follow-up might
explore whether model-generated alt text approaches human quality.

Explanation quality also merits deeper study. A teacher-developed rubric could score clarity,
step coverage, and warranting in model rationales, correlating these with correctness and refusal
behavior. This would clarify whether reasoning models truly excel pedagogically–or merely
appear to–and whether scaffolds enhance clarity.

Finally, real-world pilots in intelligent tutoring systems remain a key goal: routing visual
items to vetted models, inserting safety prompts when images are missing, and logging learner
outcomes (e.g., hint needs, time-to-correct, refusal frequency). Ethical audits for hallucinated
visual details and harmful failures would accompany deployment.

8. CONCLUSION

This paper examined whether contemporary MLLMs can solve middle-school mathematics
problems whose figures carry essential information, and whether they behave responsibly when
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those figures are absent. Using six models (three reasoning: grok-4, o3, o4-mini; three non-
reasoning: gpt-4.1, gpt-4o, grok-2-vision), three runs per item in with-image and without-image
conditions, and a conservative reclassification of image roles, we focused analyses on a final
REQUIRED set of 376 items.

With images present, models showed non-trivial competence and high run stability across
repeated attempts. Under our primary item-level metric (majority-correct, ≥2/3 runs), the
strongest reasoning models achieved the highest solved rates (o4-mini 57.7%, o3 52.4%), while
non-reasoning models ranged from the mid-30s to low-40s. Without images, models over-
whelmingly refused (≈95–99%) rather than guessing, with only rare lucky-correct answers
(≤3%). Agreement on which items are solvable with images was moderate overall (mean Co-
hen’s κ ≈ 0.54), with higher cross-model agreement within families than across families. We
identified 76 items solved by all six models at majority-correct and 61 items solved 3/3 by all
six, which we release as gold and ultra-gold benchmarks.

In a contrastive qualitative audit of 83 REQUIRED items (the exhaustive subset where the
reasoning and non-reasoning families separate under our run-level criterion), visual misreading
was the dominant failure mode. In the main stratum (reasoning succeeds; non-reasoning fails),
non-reasoning loser responses were labeled Visual misread in 58/68 cases (85.3%), while rea-
soning winner responses were usually No-error (52/68; 76.5%) but still sometimes exhibited
“right answer for the wrong reason” visual misreads (15/68; 22.1%). Explanation/format issues
were rare in the main stratum, and were more evident among non-reasoning winner responses
in the counter-stratum (4/15; 26.7%) (Table 8).

These findings have two immediate implications. For tutoring systems, image-role aware-
ness should gate automated scoring and learner-model updates: when an item is REQUIRED,
no-image refusals should be treated as missing-context signals rather than learner error, and
with-image support should prioritize approaches that enforce explicit visual-evidence binding
before algebra. For accessibility, the gold/ultra-gold benchmarks provide a principled starting
point for description-substitution studies that test when structured textual descriptions can re-
place figures without degrading accuracy, stability, or refusal behavior.

Our study has limitations, including a single curricular source, evolving model versions,
image-role labels that begin with a single rater (mitigated via an independent audit and a conser-
vative refinement pass), and a focused contrastive qualitative audit. We did not evaluate alt-text
generation, scaffolding prompts, or human–LLM collaboration.

We release code, prompts, summary tables, and the gold/ultra-gold benchmarks to support
replication. Future work will strengthen multi-rater image-role reliability, stratify findings by
figure type and visual complexity, test lightweight scaffolds targeting visual misreads and ev-
idence binding, broaden coverage across grades and item types, and run accessibility studies
comparing original figures to vetted textual descriptions. Together, these steps can turn mea-
sured competence on image-dependent items into more robust, learner-facing support.
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A. IMAGE-ROLE EXEMPLARS

Table 9: Image-role exemplars, with item GUIDs included for traceability.

Required: Task-critical information ap-
pears only in the image.
Item ID: 3b119229-571b-4dfc-be97-d88c62a41a11

Useful: Text sufficient; image clarifies/dis-
ambiguates.
Item ID: 621e3968-48d9-44a7-a36c-c120e25682bd

Find the area of the shaded region(s) of the
figure.

A rectangular prism is 3 units high, 2 units
wide, and 5 units long. What is its surface
area in square units?

cm2 square units

Not Required: Decorative / no task-
relevant support.
Item ID: d7b5f135-04ff-419b-a005-cf6e4a7d5851

Insufficient: Missing information prevents
a unique answer.
Item ID: 0f88aaba-bb92-4b0f-9252-b104f81ba8fb

Neon bracelets cost $1 for 4. What is the
cost per bracelet?

What is the distance between B and D?

$ units
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B. MODEL-RESPONSE EXEMPLARS

Note. Exemplars are abridged for readability. Each table shows (left) the item stem, item GUID,
and figure, and (right) two response excerpts (one non-reasoning and one reasoning) selected
from the contrastive audit described in Section 3. Excerpts follow the requested JSON schema
(showing isSolvable, a minimal step summary, and the extracted answer.value/answer.units).
The qualitative label shown is the paper’s primary merged code for that response (Table 7); we
do not re-adjudicate codes based on excerpted details. The ✓/✗indicator denotes whether the ex-
tracted final answer matches the reference answer under our automated equivalence procedure
(Appendix E.4).

Table 10: Model-response exemplar 1 (paired; area from grid). Both responses apply the
correct area formula, but the reasoning-family response misreads the figure’s height, producing
an incorrect final answer (✗).

Problem (with image) Model response excerpt (JSON schema)

Item: 298a3eb5-21fb-4923-b7
df-2cd6200d9ec
Stem: Find the area of the parallelo-
gram.
Gold (answer): 15

Non-reasoning (gpt-4o; Attempt 1) — No-error
✓ isSolvable: true

Step 1: Base length is 3 units.
Step 2: Height is 5 units.
Step 3: Area = base × height.
answer.value: 15
answer.units: square units

Reasoning (o4-mini-2025-04-16; Attempt 1) — Visual misread
✗ isSolvable: true

Step 1: Base spans 3 squares.
Step 2: Height spans 7 squares.
Step 3: Area = base × height.
answer.value: 21
answer.units: square units

28



Table 11: Model-response exemplar 2 (paired; correctness vs. explanation fidelity). The non-
reasoning response attains the correct final answer (✓) but is coded Explanation/format because
its stated visual grounding is inconsistent with the figure; the reasoning-family response misreads
the diagram and yields an incorrect value (✗).

Problem (with image) Model response excerpt (JSON schema)

Item: 4b338ede-f1f4-4fb7-90
3b-93788c3dedce
Stem: Find the area of the triangle.
Gold (answer): 6

Non-reasoning (grok-2-vision-1212; Attempt 3) — Explanation/for-
mat
✓ isSolvable: true

Step 1: Identify triangle vertices from
the grid.
Step 2: Use a coordinate-based triangle
area formula.
Step 3: Substitute and simplify.
answer.value: 6
answer.units: square units

Reasoning (grok-4-0709; Attempt 1) — Visual misread
✗ isSolvable: true

Step 1: Identify triangle vertices from
the grid.
Step 2: Treat as a right triangle using
base/height from the grid.
Step 3: Area = 1

2bh.
answer.value: 7.5
answer.units: square units
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Table 12: Model-response exemplar 3 (paired; axes/interval selection). The non-reasoning re-
sponse selects the wrong interval on the graph and computes an incorrect rate (✗); the reasoning-
family response selects the correct decreasing interval and computes the correct rate magnitude
(✓).

Problem (with image) Model response excerpt (JSON schema)

Item: 2a668c96-77b3-4c2c-b1
99-8396f2f13372
Stem: Determine the phone bat-
tery discharge rate during the interval
where it is decreasing.
Gold (answer): 30

Non-reasoning (gpt-4o; Attempt 1) — Visual misread
✗ isSolvable: true

Step 1: Use interval 1-4 hours after
noon.
Step 2: Read 100% at 1 hour and 40% at 4
hours.
Step 3: Change = 100− 40 = 60, duration = 3.
Step 4: Rate = 60/3 = 20.
answer.value: 20
answer.units: % per hour

Reasoning (o4-mini-2025-04-16; Attempt 2) — No-error
✓ isSolvable: true

Step 1: Use interval 2-4 hours after noon
(100% to 40%).
Step 2: Change = 40 − 100 = −60, duration
= 2.
Step 3: Rate = (−60)/2 = −30, magnitude 30
per hour.
answer.value: 30
answer.units: % per hour
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Table 13: Model-response exemplar 4 (without-image; RQ2). Under image removal, one
model proceeds as if the task were a plain rectangle-perimeter computation (incorrect), whereas
another model refuses and requests the missing visual information. The figure is shown here
for reader context but was withheld from the models in the without-image condition. Markers:
✓ correct final answer; ✗ incorrect final answer; ⊘ refusal (isSolvable=false).

Problem (without-image condition) Model response excerpt (JSON schema)

Item: b65e19a7-b903-478c-af
5a-a0aab98f689a
Problem ID: PRBE4YB
Stem: Kiran bent some wire around a
rectangle to make a picture frame (8 in
by 10 in). Find the perimeter of the
wire picture frame (nearest tenth).
Gold (answer): 62.8
Condition: without-image (models did
not receive the figure).

o3-2025-04-16 (Attempt 3) — Guess-wrong (no-image)
✗ isSolvable: true

Step 1: Use rectangle dimensions 10 and
8.
Step 2: Perimeter = 2(10 + 8) = 36.
Step 3: Round to nearest tenth.
answer.value: 36.0
answer.units: inches

grok-4-0709 (Attempt 3) — Refused (no-image)
⊘ isSolvable: false

required_information: [need the figure /
a description of the wire path]
answer: null
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C. REFINEMENT AUDIT TRAIL (REQUIRED → USEFUL)

C.1. AUDIT-SET COMPOSITION FOR INTER-RATER RELIABILITY

The stratified IRR audit set (n = 153) included all items labeled NOT REQUIRED (n = 26)
and INSUFFICIENT (n = 17), all refinement-boundary items (the six items downgraded RE-
QUIRED→USEFUL and the 14 items flagged for review but retained as REQUIRED), and addi-
tional seeded random samples of REQUIRED and USEFUL items to reach targets of 70 and 40,
respectively.

C.2. SCREENING SIGNAL

To audit potential over-labeling of REQUIRED items, we manually reviewed every Required-
labeled item that received at least one correct answer in the no-image condition (i.e., the model
answered correctly despite the figure being withheld). No-image correctness was used only to
prioritize items for inspection; it was not used as a decision rule for re-labeling. Each flagged
item was adjudicated against the operational definitions of image role: if the text alone fully
specified a unique solution without introducing additional assumptions, the item was down-
graded REQUIRED→USEFUL; otherwise it remained REQUIRED and was recorded as assumption/ambiguity-
driven without-image success.

In the initial screening (using gpt-4o and grok-2), 17 items were flagged; 6 were downgraded
and 11 were retained as REQUIRED due to without-image ambiguity. After solving with all six
models, three additional items were flagged (correct in no-image only by reasoning models);
manual inspection retained all three as REQUIRED.

Table 14: Items downgraded from REQUIRED to USEFUL after manual inspection. No-image
correctness served only as a screening signal to prioritize inspection; downgrade decisions re-
quired that the text alone support a unique solution without extra assumptions.

Item GUID Manual adjudication (without-image; no assumptions)

abdfafc7-9963-402e-945f-77ea3e6e2dbe All needed quantities are stated in text (1146 in2, 10 in, 14 bags); compute
(1146 · 10)/14 ≈ 819 in3.

254bf2a3-5b60-4b66-8870-f2b6ee9aaa8b Andre’s savings are fully specified in text ($15 initial, $5/week); equation y =
5x+ 15; Noah’s graph not required.

b0c42988-6a6a-4cb0-b206-19e6beda4c44 Given diameter d = 2 cm, radius r = d/2 = 1 cm; the graph/context is
irrelevant to this subquestion.

7c0ce88e-a06a-488e-9dca-31ce626792ea A dilation about B maps H to itself only with identity scale factor k = 1 (for
H ̸= B); no measurements required.

6d57b7ce-512d-4d09-8234-cc119b87429a Two points are given in text, (0, 2) and (4, 1); the line through them is y =
− 1

4
x+ 2; no image-based information needed.

c4949d14-d7ab-4d3d-ac27-44dc709a710b Volume V = Ah; doubling h doubles V for any base area A, so percent increase
is 100%.

32



Table 15: Items flagged for review due to at least one correct no-image run (initially on gpt-
4o/grok-2, and again after adding four more models), but retained as REQUIRED after manual
inspection because without-image success depended on assumptions, ambiguous diagram inter-
pretation, or unstated scale/structure.

Item GUID Without-image success requires inference (retained REQUIRED)

7abddce0-3a22-4462-b584-7027be922a40 Tape diagram segmentation (4 and 5 equal sub-rectangles).
aa2aca39-5f91-45cd-b54f-a74710028c5b Interpretation of CD (diameter vs. chord).
20b68591-2406-4fc6-829a-048825657193 Rectangle dimensions (3× 5 inferred from figure).
fc23d2c5-3fd2-44e9-88e1-82fee78641e1 Segment overlap interpretation (BC vs. BE).
17580d14-c356-47f2-b586-a095e5bd649b Midpoint inference on a 0-6 number line.
495db94a-bca6-421c-9f18-0c9439d7676f Partition inference: AF and FD treated as a non-overlapping partition of AD.
d69b0a8d-4d35-4d21-9d64-18c5f80d950b Point-to-line assignment (C,D ∈ k; A,B ∈ l).
708be5ac-f27b-4d25-8bc1-436673265ba9 Route-geometry inference: segments treated as straight and arranged as shown.
4816db56-78f0-40b4-bcf7-23e067ed6964 Shape classification inference (rectangle interpreted as non-square).
dd1cafca-786f-4dca-b816-74fe3762c4e6 Grid-structure inference: cube face interpreted as a 3× 3 grid.
18b5ee97-7592-4e7e-b8bc-4e824033ebe3 Tick-mark count/spacing inference between 6 and 15.
1673fe10-8161-4479-9d0c-3df4ba9f55cb Box-plot structure inference: assumes 0.5 and 1 are Q1 and Q3 (the box).
96c844c5-ef04-4945-82c5-5e4fb5047cae Diagram-dependent configuration; overlap area non-unique from text alone.
47f829d6-62ce-4880-9182-f35006db5acf Angle-label inference: b treated as m̸ ABC, with DE ∥ AC.

D. INTER-RATER RELIABILITY FOR IMAGE-ROLE LABELS

We report confusion matrices and chance-corrected agreement (Cohen’s κ) for the independent
image-role labels on the 153-item IRR audit set (Section 3). We additionally report 95% boot-
strap confidence intervals (items resampled with replacement; B = 5000; seed=123). Across
the four labels (REQUIRED, USEFUL, NOT REQUIRED, INSUFFICIENT), agreement was 71.9%
(110/153) with κ = 0.591 (95% CI [0.492, 0.687]). When collapsing to a binary boundary
(REQUIRED vs. non-REQUIRED), agreement was 88.2% (135/153) with κ = 0.764 (95% CI
[0.657, 0.865]).

Table 16: Confusion matrix for four-way image-role labels on the 153-item IRR audit set (rows:
independent rater; columns: first author).

Rater 2 (first author)

Rater 1 REQUIRED USEFUL NOT REQUIRED INSUFFICIENT

REQUIRED 62 5 0 5
USEFUL 1 21 4 1
NOT REQUIRED 1 13 16 0
INSUFFICIENT 6 1 6 11
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Table 17: Confusion matrix for the collapsed boundary (REQUIRED vs. non-REQUIRED), where
NOT REQUIRED aggregates USEFUL, NOT REQUIRED, and INSUFFICIENT.

Rater 2 (first author)

Rater 1 REQUIRED non-REQUIRED

REQUIRED 62 10
non-REQUIRED 8 73

E. PROMPTS, RUBRICS, AND NORMALIZATION

E.1. SETUP

Each Required item was evaluated under two conditions: With images (problem text plus its
figure) and Without images (problem text only; any HTML <img> tags anonymized). For the
image condition, the figure was included in the request payload as base64-encoded image data.
Every item was run three times per model. The exact same prompt template was used for all six
models.

E.2. PROMPT TEMPLATE AND EXPECTED JSON

Models were instructed to return a step-by-step solution in a fixed JSON structure.

Problem Statement: “<question_text>”

Instruction: “Provide a step-by-step solution in JSON format.”

Response Structure:
{

" s o l u t i o n " : {
" i s S o l v a b l e " : t r u e ,
" r e q u i r e d _ i n f o r m a t i o n " : [ ] ,
" s t e p s " : [

{" s t ep_number " : 1 , " d e s c r i p t i o n " : " F i r s t s t e p . " } ,
{" s t ep_number " : 2 , " d e s c r i p t i o n " : " Next s t e p . " }

] ,
" answer " : {" v a l u e " : "< answer_va lue >" , " u n i t s " : "< u n i t s >"}

}
}

If the model could not solve the problem due to missing information, it was in-
structed to refuse and to list the required missing information:
{

" s o l u t i o n " : {
" i s S o l v a b l e " : f a l s e ,
" r e q u i r e d _ i n f o r m a t i o n " : [" < m i s s i n g _ i n f o _ 1 >" , "< m i s s i n g _ i n f o _ 2 > " ] ,
" s t e p s " : [ ] ,
" answer " : n u l l

}
}
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E.3. RUBRICS: SCORING AND AGGREGATION

E.3.1. Run-level scoring.

A run is marked correct if the extracted final answer answer.value matches the reference
answer (unitless in this filtered dataset), using exact string match and, when needed, symbolic
equivalence for numeric/algebraic forms. The answer.units field is recorded but does not
affect correctness scoring. A run is marked as a refusal only when the returned JSON sets
isSolvable=false. Any required_information the model provides is recorded but
does not affect scoring.

E.3.2. Item-level aggregation

Per item and model, we count the number of correct runs across the three attempts:

3/3, 2/3, 1/3, 0/3.

We use these to form the sets:

• Always (3/3): items solved correctly in all three runs.

• Majority (≥ 2/3): items solved correctly in at least two of three runs (i.e., 3/3 or 2/3).

“Consistency” at the item level refers to whether the correctness label (correct vs. incorrect) is
identical across the three runs for a given model.

E.4. ANSWER NORMALIZATION & EQUIVALENCE

We compare the model’s final answer string to the gold answer using a two-stage procedure:
lightweight text normalization and parsing with SymPy; algebraic equivalence by symbolic sim-
plification.

E.4.1. Preprocessing

Before parsing, we trim whitespace and drop a trailing degree symbol from the prediction (e.g.,
“30◦” → “30”).

E.4.2. Normalization rules

Given an answer string s, we apply:

1. Right-hand side of equations: if s contains “=”, keep the substring after the last “=” (e.g.,
“x=5” → “5”).

2. Implicit multiplication: insert “*” where omitted: digit-letter (“3x” → “3*x”), close-
paren-letter (“(x+1)y” → “(x+1)*y”), and digit-“sqrt”/letter (“3sqrt(10)” → “3*sqrt(10)”).

3. Negative groups: replace “(-” by “(-1*” (e.g., “(-x+2)”).

4. Mixed numbers: strings of the form “a b/c” are mapped to a+ b
c

(e.g., “3 3/4” → 15
4

).

5. Parsing: parse with SymPy (parse_expr, standard transformations, evaluate=False)
using a local symbol table for x, y, and sqrt.
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E.4.3. Equivalence test

We first check exact string equality. Otherwise, let ŷ and y∗ be the parsed prediction and gold
expressions; we declare equivalence when

simplify
(
ŷ − y∗

)
= 0.

E.4.4. Scope

This procedure targets common formatting differences (implicit multiplication, mixed numbers,
degree mark). It does not apply numeric tolerances or unit conversions, and it does not attempt
recovery from parsing failures or more exotic symbolic forms.

F. RUN-LEVEL AND ITEM-LEVEL TALLIES (REQUIRED, WITH IMAGES)

Table 18: Run-level tallies on Required, with images (counts and percentages over 1,128 runs per
model). Codes refer to Table 2.

Correct Unsolvable Wrong

Model Count Percent Count Percent Count Percent

Non-reasoning

gpt-4.1 482 42.7% 176 15.6% 470 41.7%
gpt-4o 425 37.7% 150 13.3% 553 49.0%
grok-2 389 34.5% 75 6.7% 664 58.9%

Reasoning

grok-4 458 40.6% 357 31.6% 313 27.8%
o3 604 53.6% 215 19.1% 309 27.4%
o4-mini 650 57.6% 121 10.7% 357 31.6%
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Table 19: Required with images: item-level outcomes across three runs per model. Entries are
counts with percent of the (N=376) Required items; columns report items solved in all three runs
(3/3), exactly two (2/3), exactly one (1/3), and none (0/3). Model codes follow Table 2.

3/3 2/3 1/3 0/3

Model Count Percent Count Percent Count Percent Count Percent

Non-reasoning

gpt-4.1 130 34.6% 30 8.0% 32 8.5% 184 48.9%
gpt-4o 113 30.1% 20 5.3% 46 12.2% 197 52.4%
grok-2 101 26.9% 27 7.2% 32 8.5% 216 57.4%

Reasoning

grok-4 126 33.5% 25 6.7% 30 8.0% 195 51.9%
o3 164 43.6% 33 8.8% 46 12.2% 133 35.4%
o4-mini 177 47.1% 40 10.6% 39 10.4% 120 31.9%

G. ITEMS SOLVED BY EXACTLY k MODELS (REQUIRED, WITH IMAGES)

Table 20: Required + image: items solved by exactly k of the six models under two criteria.
Values are counts and percentages of the N = 376 Required items. Criteria: Majority (≥ 2/3
runs) and Always (3/3 runs). ∆ is the difference in percentage points (Always − Majority).

k Majority (≥2/3) Always (3/3) ∆ pp

Count Percent Count Percent

0 113 30.1% 156 41.5% +11.4
1 49 13.0% 40 10.6% -2.4
2 30 8.0% 32 8.5% +0.5
3 42 11.2% 34 9.0% -2.1
4 35 9.3% 26 6.9% -2.4
5 31 8.2% 27 7.2% -1.1
6 76 20.2% 61 16.2% -4.0

Total 376 100.0% 376 100.0% 0.0
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H. PAIRWISE CONTINGENCY COUNTS FOR COHEN’S κ

Table 21: Pairwise contingency counts for Cohen’s κ (Required, with images; N=376 items). TP:
both solved (majority-correct, ≥2/3 runs); FN: Row solved/Column not; FP: Row not/Column
solved; TN: both not solved. Full matrices for all 15 pairs available as supplementary CSV.

Model Pair TP FN FP TN

gpt-4.1 vs. gpt-4o 118 42 15 201
gpt-4.1 vs. grok-2 107 53 21 195
gpt-4o vs. grok-2 101 32 27 216

gpt-4.1 vs. grok-4 115 45 36 180
gpt-4o vs. grok-4 103 30 48 195
grok-2 vs. grok-4 99 29 52 196

gpt-4.1 vs. o3 139 21 58 158
gpt-4o vs. o3 117 16 80 163
grok-2 vs. o3 110 18 87 161

gpt-4.1 vs. o4-mini 137 23 80 136
gpt-4o vs. o4-mini 119 14 98 145
grok-2 vs. o4-mini 112 16 105 143

grok-4 vs. o3 129 22 68 157
grok-4 vs. o4-mini 137 14 80 145
o3 vs. o4-mini 173 24 44 135
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I. CROSS-MODEL OVERLAP (REQUIRED, WITH IMAGES)

Table 22: Pairwise Jaccard overlap on majority-correct “solved” sets (Required items with im-
ages). Codes follow Table 2.

Model Non-reasoning Reasoning

gpt-4.1 gpt-4o grok-2 grok-4 o3 o4-mini

Non-reasoning

gpt-4.1 1.00 0.67 0.59 0.59 0.64 0.57
gpt-4o 0.67 1.00 0.63 0.57 0.55 0.52
grok-2 0.59 0.63 1.00 0.55 0.51 0.48

Reasoning

grok-4 0.59 0.57 0.55 1.00 0.59 0.59
o3 0.64 0.55 0.51 0.59 1.00 0.72
o4-mini 0.57 0.52 0.48 0.59 0.72 1.00
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Figure 2: Jaccard overlap heatmap on Required items with images (majority-correct labels, ≥ 2/3
runs).

39



J. SOLVABILITY WITHOUT IMAGES (REQUIRED SUBSET)

This appendix summarizes how often Required items were answered correctly when figures
were not provided. For each item we aggregate across 18 runs (six models × three runs). An
item contributes to Any (≥ 1/3) if at least one run from at least one model is correct; Always (3/3)
requires all three runs from a given model to be correct. The per-item source file is provided as
solved_counts/solved_count_combined_across_llms_without_images.csv.

Table 23: Required, no image: items solved by exactly k of the six models under two criteria.
Values are counts and percentages of the N = 376 Required items. Criteria: Any (≥ 1/3 runs)
and Always (3/3 runs). ∆ is the difference in percentage points (Always − Any).

k Any (≥1/3) Always (3/3) ∆ pp

Count Percent Count Percent

0 362 96.3% 366 97.3% +1.1
1 3 0.8% 1 0.3% -0.5
2 1 0.3% 5 1.3% +1.1
3 6 1.6% 3 0.8% -0.8
4 0 0.0% 0 0.0% +0.0
5 2 0.5% 1 0.3% -0.3
6 2 0.5% 0 0.0% -0.5

Total 376 100.0% 376 100.0% 0.0

Note. Percentages may not sum to 100% due to rounding.

K. UNCERTAINTY DETAILS

Note. We also computed Wald intervals during development; they were essentially identical on
these data, so we report bootstrap CIs only for brevity and consistency. See Table 3.
Family contrast (permutation) agreement_out/family_contrast.txt reports the ob-
served effect (Reasoning − Non-reasoning), the two-sided permutation p-value, and the null
percentile band used for reference.
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Figure 3: Majority-correct accuracy on Required, with images by model with 95% bootstrap CIs
(10k resamples; items as unit).

K.1. WILSON CONFIDENCE INTERVALS FOR QUALITATIVE PROPORTIONS

For qualitative proportions reported as x/n within an audit stratum (e.g., the fraction of re-
sponses labeled Visual misread), we compute two-sided 95% Wilson score binomial confidence
intervals. Let p̂ = x/n and z = 1.96 for 95% confidence. The Wilson interval is

den = 1 +
z2

n
, center =

p̂+ z2

2n

den
, half =

z

den

√
p̂(1− p̂)

n
+

z2

4n2
.

We report center±half, converted to percentages. Wilson intervals behave well for small n and
extreme counts (e.g., x = 0), yielding a nonzero upper bound when appropriate.

L. ORIGINAL QUALITATIVE ERROR TAXONOMY (BEFORE MERGING)

Table 24 shows the original 7-category taxonomy used in initial coding. This includes a 7th
category Diagram extraction, which was not in the first draft but was added during coding to
distinguish failures in extracting visual symbols from misreading text.

All categories were later merged into the final 3-category taxonomy (Table 7) due to high
rater disagreement and conceptual overlap.

Quick Reference Codes (used in coding):

DATA Data extraction DIAG Diagram extraction REL Diagram relations

SCALE Scale / axes MULTI Multi-representation SYM Symbolic manipulation

EXPL Explanation clarity
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Table 24: Original qualitative error taxonomy (7 categories, used in coding).

Category Description

Data extraction Misreading explicit labels, numbers, or text em-
bedded in the diagram.

Diagram extraction Failing to extract and interpret visual symbols
(e.g., dots, blocks, shaded units, objects on a scale,
icons) that represent quantities or meanings.

Diagram relations Misinterpreting geometric configurations (e.g.,
parallel/perpendicular, angle types, similar trian-
gles, tick marks).

Scale / axes Misreading graph scales, tick spacing, or unit mis-
matches (e.g., cm vs. m).

Multi-representation
integration

Failing to combine information across subfigures
or between diagram and table/graph.

Symbolic manipula-
tion

Algebraic or procedural errors after correct visual
extraction and integration.

Explanation clarity
(pedagogy)

Correct answer with terse, non-pedagogical, or as-
sumptive explanation that skips critical steps.
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