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Abstract

Production multimodal systems must serve
complex vision-language tasks under strict la-
tency, memory, and cost constraints. Frontier
multimodal large language models (MLLMs)
deliver strong reasoning but are prohibitively
expensive for online serving; compact al-
ternatives fit deployment budgets but lack
structured reasoning ability. We present
OMNITHOUGHTVIS, a scalable distillation
pipeline that converts open-source multi-
modal corpora into deployment-ready chain-
of-thought (CoT) supervision for compact
MLLMs. Starting from a diverse seed pool, the
pipeline generates structured reasoning traces
from a high-capacity teacher, jointly annotates
reasoning difficulty, answer quality, and seman-
tic task tags, and applies difficulty-aware filter-
ing with tag-based diversity sampling to pro-
duce a reusable 1.8M-sample candidate pool.
Practitioners construct budget-specific training
subsets from this pool without re-running distil-
lation. A key practical finding is that reasoning
difficulty is a far more effective data selection
signal than answer quality, which becomes un-
informative when teacher outputs are already
strong. Distilled Qwen3-VL models (2B–8B)
consistently improve over undistilled baselines
across nine benchmarks, with the distilled 4B
model matching or exceeding the undistilled
8B on multiple tasks. In production, replacing a
large-model serving pipeline with the distilled
compact model reduces end-to-end response
latency by 79% while maintaining comparable
downstream quality.1

1 Introduction

Production multimodal systems, powering visual
question answering, content understanding, and
user-facing decisions, must operate under tight la-
tency, memory, and cost budgets. Multimodal large

∗ Corresponding author.
1The resources are publicly available in the EasyDistill

framework (Wang et al., 2025a).

language models (MLLMs) with chain-of-thought
(CoT) reasoning (Bai et al., 2025b) achieve strong
accuracy, but frontier-scale models are impractical
for online serving. Compact models meet deploy-
ment constraints yet frequently fail on reasoning-
intensive tasks (Hinton et al., 2015; Yang et al.,
2025; Wang et al., 2025b). Closing this gap re-
quires reasoning supervision specifically for com-
pact model training under serving constraints.

A central bottleneck is the scarcity of multi-
modal data optimized for reasoning distillation. In
the text domain, large-scale CoT corpora have ac-
celerated open-model progress (Chung et al., 2024;
Toshniwal et al., 2024; Yu et al., 2024; Cai et al.,
2026). Open multimodal datasets, by contrast,
remain dominated by instruction tuning or final-
answer supervision (Liu et al., 2023; Chen et al.,
2024a; Li et al., 2025), with limited support for
structured reasoning transfer. Naïvely generating
multimodal CoT data at scale introduces noise, re-
dundancy, and task imbalance, making it difficult
to construct training subsets that are both effective
and efficient under fixed compute budgets.

Recent pipelines such as BEE (Zhang et al.,
2026) and OpenMMReasoner (Zhang et al., 2025a)
advance reproducible multimodal data curation.
Our work complements these efforts with a
deployment-oriented objective: converting large
open corpora into a reusable candidate pool from
which practitioners construct budget-specific train-
ing subsets for compact MLLMs. Rather than
proposing novel individual techniques, we con-
tribute a validated end-to-end industrial recipe—
combining structured teacher generation, joint an-
notation, and diversity-aware subset selection—
designed for repeatability and auditability in pro-
duction data workflows.

Concretely, we present OMNITHOUGHTVIS.
Starting from FineVision (Wiedmann et al., 2025)
as a diverse seed pool, the pipeline generates struc-
tured CoT traces from a high-capacity teacher un-
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der explicit format constraints, jointly annotates
reasoning difficulty, answer quality, and semantic
task tags, and applies three-stage quality control to
produce a curated corpus of 1.8M samples. The
resulting metadata enables controllable subset con-
struction: practitioners select difficulty thresholds
and tag coverage to match deployment constraints
without re-running distillation.

We distill Qwen3-VL models from 2B to 8B and
evaluate on nine multimodal benchmarks. The dis-
tilled models consistently outperform undistilled
baselines, with the 4B model matching or exceed-
ing the undistilled 8B on several tasks. A system-
atic comparison of selection signals reveals that rea-
soning difficulty is far more effective than answer
quality—a practical finding that directly shaped
our pipeline. In production, substituting the large-
model pipeline with the distilled compact model
reduces end-to-end response latency by 79% while
maintaining comparable downstream quality. Our
contributions are:

• A validated industrial distillation recipe.
An end-to-end pipeline converting open multi-
modal corpora into deployment-ready reason-
ing supervision, designed for auditability and
repeatability in production data workflows.

• A budget-controllable corpus with action-
able metadata. A reusable 1.8M-sample can-
didate pool with difficulty, quality, and seman-
tic tag annotations supporting flexible subset
construction under varying compute and de-
ployment budgets.

• Production-grounded evaluation. Consis-
tent benchmark gains across model scales, to-
gether with a deployment case study demon-
strating 79% latency reduction and maintained
task quality in an online serving stack.

2 Related Work

Reasoning Distillation. Chain-of-thought prompt-
ing (Wei et al., 2022) shows that exposing interme-
diate reasoning steps improves complex decision-
making. Follow-up work transfers this ability
to smaller models via teacher-generated ratio-
nales (Hsieh et al., 2023; Ho et al., 2023; Mukher-
jee et al., 2023), while reinforcement learning
with verifiable rewards further improves frontier-
model reasoning (DeepSeek-AI, 2025). Large text-
domain reasoning corpora (Guha et al., 2026; Cai
et al., 2026) accelerate open-model progress. We

Figure 1: Overview of our pipeline.

extend these ideas to multimodal reasoning with a
focus on deployment-oriented supervision for com-
pact, latency-constrained MLLMs.

Multimodal Data Curation. Visual instruc-
tion tuning (Liu et al., 2023) and scaled caption-
ing (Chen et al., 2024a) improve vision-language
capabilities but target short-form or perceptual su-
pervision rather than multi-step reasoning. Ag-
gregation efforts such as Cambrian-1 (Tong et al.,
2024) broaden coverage without specifically target-
ing reasoning distillation. Recent pipelines includ-
ing BEE (Zhang et al., 2026) and OpenMMRea-
soner (Zhang et al., 2025a) advance reproducible
multimodal data curation at scale. Our work dif-
fers in objective rather than technique: instead of
building a fixed training set, we treat open corpora
as a seed pool and produce a metadata-rich candi-
date corpus annotated with difficulty, quality, and
semantic tags. This reusable-pool design and the
accompanying difficulty-aware selection strategy
address an operational need that prior pipelines do
not explicitly target.
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3 Pipeline Design

Figure 1 summarizes the OMNITHOUGHTVIS

pipeline. The goal is to convert large open multi-
modal corpora into a metadata-rich candidate pool
supporting budget-controllable subset construction
for compact MLLM training.

3.1 Seed Data Sampling

We start from FineVision (Wiedmann et al., 2025),
a large-scale aggregation of open-source multi-
modal datasets spanning visual question answer-
ing, chart understanding, mathematical reasoning,
and general visual reasoning. Crucially, we treat
FineVision as a seed pool rather than ready-to-train
data: its original annotations are predominantly
short-form answers without structured reasoning
traces, limiting direct utility for CoT supervision.
Our pipeline generates entirely new reasoning an-
notations via teacher distillation (§3.2).

To preserve task diversity while preventing dom-
inant sources from overwhelming the training sig-
nal, we apply stratified sampling and cap each
source category at 20K samples, yielding an initial
pool of 3.5M samples.

3.2 Structured Distillation

We use Qwen-VL-Max (Bai et al., 2025a) as the
teacher to generate CoT traces for the retained sam-
ples, with temperature T=0.5 and maximum gen-
eration length 8192 tokens. To enable deterministic
parsing and automated validation at scale, we en-
force an explicit XML format:

<think> Step-by-step reasoning trace </think>
<answer> Final answer </answer>

This format is a deliberate production design
choice: it supports rule-based validation, au-
tomated trace extraction, and consistent down-
stream training without task-specific parsers. Non-
conforming samples are removed during quality
control. Detailed prompts are in Appendix A.1.

3.3 Joint Scoring and Semantic Tagging

We jointly annotate each sample along three axes
in a single scorer pass.2

Difficulty (1–5): Reasoning complexity, from sim-
ple recognition (Level 1) to abstract or highly am-
biguous reasoning (Level 5).

2Scoring criteria and tag definitions are in Appendices A.2
and A.3.

Figure 2: Top 400 task labels in OMNITHOUGHTVIS,
showing broad semantic coverage across visual under-
standing and reasoning tasks.

Quality (1–5): Estimated correctness and com-
pleteness of the teacher response. In practice,
quality scores are strongly right-skewed (91.5%
at Level 5) because the high-capacity teacher pro-
duces generally accurate outputs. Quality is there-
fore less discriminative than difficulty for subset
selection, a finding we validate in §4.3. We retain
quality as an auxiliary filter for clearly defective
samples, not as a primary selection criterion.
Semantic tags: Open-ended task labels (e.g.,
counting, spatial, math, reasoning)
characterizing each sample’s domain. Frequent
tags are visualized in Figure 2.

We use Qwen3-VL-Flash as the scorer because
annotation throughput is a practical bottleneck at
million-sample scale: it provides adequate multi-
modal understanding at substantially lower cost
than frontier alternatives.

3.4 Quality Control and Subset Construction

We apply three-stage quality control followed by
budget-aware subset construction.
Stage 1 (Rule-Based Filtering): We remove sam-
ples that (i) lack required output tags, (ii) have CoT
traces shorter than 20 or longer than 4000 tokens,
(iii) contain placeholder text or strong repetition,
or (iv) exhibit unstable patterns such as repeated
restarts or abrupt self-corrections. The 4000-token
upper bound is a practical trade-off: longer traces
in our data correlate more with repetition and drift
than with deeper reasoning. We acknowledge that
this threshold may exclude some genuinely com-
plex traces and can be adjusted per application.
Approximately 5% of samples are removed.
Stage 2 (Difficulty-Aware Selection): We use Dif-
ficulty ≥ 4 as the primary selection criterion. This
difficulty-first strategy is motivated by our abla-
tion (§4.3): harder examples more consistently im-
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Figure 3: Difficulty and quality distributions. Difficulty
spans a broad range; quality concentrates at high scores,
motivating difficulty-first selection.

prove reasoning transfer than quality-based filter-
ing, which is uninformative when teacher output
quality is uniformly high.

Stage 3 (Tag-Based Diversity Sampling): To
reduce over-representation of frequent cate-
gories, we perform diversity-aware selection
via semantic tags. Tags are embedded with
Qwen3-Embedding (Zhang et al., 2025b),
near-synonyms (e.g., spatial/position) are
merged with DBSCAN (Ester et al., 1996) (ϵ=0.3,
min_samples=2), and each sample is represented
by its mean clustered-tag embedding. Farthest-
point sampling in this space produces a more di-
verse subset. The tag space also enables domain-
targeted curation: practitioners filter by tags for
specific deployment needs without re-running the
full pipeline.

Candidate pool design: The full corpus contains
1.8M curated samples, designed as a reusable re-
source: practitioners select budget-specific subsets
by adjusting difficulty thresholds and tag cover-
age. This curate-once, select-many-times work-
flow amortizes the cost of teacher generation across
training configurations.

3.5 Dataset Statistics

Figure 3 summarizes key distributions. Difficulty
is approximately unimodal, centered at Level 3
(46.5%), with Levels 2 (23.6%) and 4 (29.6%)
well represented; extreme levels are rare. Quality
is strongly right-skewed (Level 5: 91.5%), con-
firming its limited discriminative value. Semantic
tags show broad coverage: reasoning (85%),
object (75%), scene (45%), count (38%),
text (37%), math (33%).

4 Experiments

4.1 Setup

Training. We use Qwen3-VL-2B, -4B, and -8B as
student backbones (distilled models: DistilQwen3-
VL). All models are trained on a 0.5M-sample
subset selected from the 1.8M candidate pool
via difficulty-aware selection (§3.4). Training
uses AdamW (β1=0.9, β2=0.999, weight decay
=0.01), batch size 128, sequence length 3072, 3%
warmup, and cosine decay to 10% of peak learning
rate. Learning rate and epoch count are tuned on a
held-out split (§4.3).
Benchmarks. Nine benchmarks spanning gen-
eral understanding and mathematical reasoning:
AI2D (Kembhavi et al., 2016), MMBench (Liu
et al., 2024), MMStar (Chen et al., 2024b),
MMMU (Yue et al., 2024), MMMU-Pro (Standard
& Vision) (Yue et al., 2025), MathVista (Lu et al.,
2024), MathVerse (Zhang et al., 2024), and Math-
Vision (Wang et al., 2024).
Evaluation. Models use thinking prompts (Ap-
pendix A.1) with temperature 0.5. Multiple-choice
benchmarks report exact-match accuracy from
<answer> tags. Open-ended tasks use Qwen3-
VL-Plus as the judge model; these results serve as
secondary evidence.
Model family alignment. Our pipeline uses Qwen-
family models throughout: teacher (Qwen-VL-
Max), scorer (Qwen3-VL-Flash), students (Qwen3-
VL), and judge (Qwen3-VL-Plus). This reflects
a pragmatic production choice: these models are
the primary infrastructure in our deployment en-
vironment. Importantly, 7 of 9 benchmarks use
exact-match accuracy, which is invariant to model-
family stylistic alignment.

4.2 Main Results

Table 1 shows that distillation consistently im-
proves performance across all scales. Gains are
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Model General Knowledge & Understanding Mathematical Reasoning

MMB MMStar AI2D MMMUval MMMUPro-S MMMUPro-V MathVista MathVerse MathVision

Qwen3-VL-2B 74.3 56.6 71.3 47.9 32.1 27.5 60.0 34.1 20.4
DistilQwen3-VL-2B 74.7 61.5 75.4 49.2 35.6 31.9 65.0 43.0 27.3

Qwen3-VL-4B 82.0 66.6 79.4 56.7 41.3 40.3 70.7 36.4 31.9
DistilQwen3-VL-4B 82.7 68.4 81.6 60.3 46.9 45.2 74.0 53.2 32.9

Qwen3-VL-8B 82.6 69.3 81.0 60.0 46.9 45.3 72.5 38.2 35.2
DistilQwen3-VL-8B 84.7 71.1 83.7 62.8 50.1 48.6 74.8 55.5 40.1

Table 1: Benchmark results. MMB = MMBench, Pro-S/V = MMMU-Pro Standard/Vision. All values are accuracy
(%). Multiple-choice benchmarks (7 of 9) use exact-match; open-ended tasks use model-based judging as a
secondary signal.
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Figure 4: Hyperparameter grid on MMMUPro-V for
DistilQwen3-VL-2B.

largest on reasoning-intensive benchmarks: Math-
Verse (+8.9 to +17.3 points) and MMMU-Pro (+3.3
to +5.6). Notably, the distilled 4B model matches
or exceeds the undistilled 8B on AI2D (81.6 vs.
81.0) and MMMU (60.3 vs. 60.0), indicating that
structured reasoning supervision can partially com-
pensate for model scale, which is a favorable trade-
off for deployment.

4.3 Analysis

Hyperparameter tuning. We evaluate four learn-
ing rates (5×10−6 to 4×10−5) across 1–5 epochs
for DistilQwen3-VL-2B using MMMU-Pro Vision
(Figure 4). The best setting is: 5×10−6 for 4
epochs. Higher learning rates consistently degrade
performance, and training beyond 4 epochs pro-
vides no stable gains.
Data selection signals. Under a fixed budget
(∼100K samples), we compare filtering strategies
(Table 2). Quality-only filtering (≥5) hurts rela-
tive to random sampling (0.2948 vs. 0.3093), con-
firming that quality scores are uninformative when
teacher output quality is uniformly high. Difficulty-
only filtering (≥4) performs best (0.3156). This
result directly informed our pipeline: difficulty is
the primary selection signal, quality serves only as

Filtering Strategy MMMUPro-V

No filtering (random 100K) 0.3093
Quality ≥ 5 only 0.2948
Difficulty ≥ 4 only 0.3156
Quality ≥ 5 & Difficulty ≥ 4 0.3139

Table 2: Filtering strategy ablation (∼100K samples
each). Results show that difficulty is a more effective
selection signal than quality.

Figure 5: Average nine-benchmark performance during
DistilQwen3-VL-8B training.

a coarse defect filter.
Training dynamics. Figure 5 tracks DistilQwen3-
VL-8B over training. The average score rises from
59.5 (1K steps) to 63.5 (19K steps). Per-benchmark
curves (Figure 6) reveal that general visual bench-
marks (AI2D, MMBench) plateau early, while rea-
soning tasks (MathVerse, MMMU-Pro) continue
improving, suggesting that staged training alloca-
tion may better utilize fixed compute budgets.

5 Deployment and Discussion

5.1 Production Case Study
We evaluate the distilled model in a production
multimedia intelligence serving stack (Figure 7).
The architecture places a compact MLLM on the
online critical path: it processes user queries, inter-
acts with an internal multimodal knowledge base
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Figure 6: Per-benchmark scaling. General benchmarks
saturate; reasoning tasks benefit from longer training.
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Figure 7: Production multimedia intelligence stack. A
compact MLLM handles online requests; a larger model
serves as hard-case fallback.

for retrieval and ranking, and generates user-facing
responses. A larger fallback model handles cases
flagged as hard.

We run an internal A/B test comparing the base-
line pipeline (large model + online search) against
our redesigned pipeline (distilled compact model +
knowledge base retrieval), under the same serving
chain and workload:
(1) Maintained downstream quality. On the
deployed user-intent classification task, the base-
line achieves 92% task quality; the distilled com-
pact model maintains comparable quality (slightly
above 90%). Reasoning-focused distillation pre-
serves the decision quality required for production.
(2) Improved retrieval accuracy. The redesigned
pipeline, which pairs the distilled model’s struc-
tured query understanding with retrieval from the
internal knowledge base, improves retrieval accu-
racy by 58% relative to the baseline pipeline (large
model with online search).

(3) Reduced latency. The distilled pipeline re-
duces average end-to-end response latency by 79%
on production traffic, which is the most impactful
operational gain.

Together, these results demonstrate that the dis-
tilled compact model achieves a substantially better
quality–efficiency trade-off than the baseline large-
model pipeline, validating the practical value of
large-scale reasoning distillation for applications.

5.2 Practical Insights

We distill several lessons from building and deploy-
ing this pipeline:
Invest in difficulty estimation, not quality
rubrics. When the teacher is sufficiently capable,
quality scores collapse to the high end and carry
little discriminative signal. Difficulty provides a
more actionable distribution. Teams building simi-
lar pipelines should prioritize difficulty estimation.
Budget training time by capability type. Gen-
eral visual benchmarks plateau early; reasoning
tasks continue improving with longer training. Un-
der compute budgets, staged curricula that allocate
more optimization steps to reasoning-intensive data
may outperform uniform schedules.
Build reusable candidate pools. Although we
train on 0.5M samples, the full 1.8M pool supports
diverse downstream use cases (e.g., math-focused
vs. general-purpose models) via tag-based re-
sampling, amortizing the one-time cost of teacher
generation across deployment scenarios.
Within-family distillation: a pragmatic trade-
off. Using Qwen-family models throughout is a
deliberate choice reflecting our production ecosys-
tem, consistent with common industrial practice. It
introduces the risk that some gains partly reflect
stylistic alignment. We mitigate this by relying on
exact-match evaluation for the majority of bench-
marks (7 of 9) and treating model-judged results
as secondary evidence. Cross-family validation
remains a valuable direction for future work.

6 Conclusion

We presented OMNITHOUGHTVIS, a scalable dis-
tillation pipeline that converts open multimodal
corpora into deployment-ready reasoning super-
vision. The pipeline produces a reusable 1.8M-
sample candidate pool with difficulty, quality, and
semantic tag metadata, enabling budget-specific
subset construction without re-running distillation.
Distilled Qwen3-VL models consistently outper-
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form undistilled baselines across nine benchmarks,
and a production deployment achieves 79% latency
reduction with comparable task quality. Our central
practical finding, reasoning difficulty is far more
effective than answer quality as a data selection
signal, offers actionable guidance for practitioners
building similar pipelines.

Limitations

Our pipeline uses Qwen-family models at all stages
(teacher, scorer, student, judge), which is a prag-
matic choice reflecting our production infrastruc-
ture. To ensure this does not inflate results, we rely
on exact-match accuracy for 7 of 9 benchmarks,
a metric that is invariant to model-family stylis-
tic alignment. Extending to cross-family students
(e.g., LLaMA, InternVL) is a natural next step that
we plan to explore.

Quality scores in our corpus are concentrated at
high levels (91.5% at Level 5), which limits their
discriminative value for subset selection. Rather
than treating this as a pipeline defect, we surface
it as a practical finding: when the teacher is suf-
ficiently capable, difficulty is the more actionable
curation signal. Our ablation validates this conclu-
sion quantitatively (§4.3).

Ethical Considerations

OMNITHOUGHTVIS is constructed from publicly
available, open-source vision-language datasets us-
ing automated generation, scoring, and filtering.
The dataset may inherit biases from source data,
teacher models, or scoring models. Because anno-
tations are largely automated, some samples may
contain inaccurate reasoning traces. The dataset
is primarily English-language and vision-centric,
which may limit coverage across languages and
populations. All source datasets were checked for
license compatibility, and we only include data in-
tended for research use. We encourage responsible
use and additional evaluation before applying mod-
els in downstream settings.
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A Technical Details

A.1 Distillation Prompt Template
System Prompt.

You are a helpful
assistant to think step
by step. Provide your
reasoning steps within

<think></think> tags and
give your final answer
within <answer></answer>
tags.

Query Structure. Given an image and a ques-
tion, the teacher input follows:

### Image
<image>
### Question
{question}
### Output Format
(Strictly Enforced)
<think>
Clearly explain your
reasoning step by step.
Describe how you arrived
at the conclusion. The
reasoning process MUST BE
enclosed within <think>
</think> tags.
/<think>
<answer>
Your final answer to the
user’s question.
</answer>

A.2 Automatic Scoring Protocol
We use Qwen3-VL-Flash as scorer, evaluating each
sample on reasoning difficulty and annotation qual-
ity.

Reasoning Difficulty. di ∈ {1, 2, 3, 4, 5}:

• 1 (Very Easy): Simple color or shape identifi-
cation.

• 2 (Easy): Basic counting or straightforward
spatial relationships.

• 3 (Moderate): Brief reasoning or common
action/attribute identification.

• 4 (Hard): Multi-step reasoning, subtle visual
cues, or rare concepts.

• 5 (Very Hard): Abstract reasoning, complex
scene understanding, or high ambiguity.

Annotation Quality. qi ∈ {1, 2, 3, 4, 5}:

• 1 (Very Low): Entirely incorrect or irrelevant.

• 2 (Low): Mostly incorrect; minor correct ele-
ments.
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• 3 (Medium): Partially correct; key details
missing.

• 4 (High): Largely correct; minor inaccura-
cies.

• 5 (Very High): Fully accurate and complete.

As noted in §3.3, quality is strongly right-skewed
(91.5% at Level 5) and less useful than difficulty
for subset selection.

A.3 Semantic Tag Definitions
Each sample receives one or more semantic tags
characterizing its reasoning domain, visual theme,
and task type. Coverage includes:

• Visual Understanding: object,
attribute, scene.

• Spatial Reasoning: spatial, position,
layout, direction, coordinate.

• Chart/Table Interpretation: chart,
graph, table, bar chart, pie
chart, scatter plot, axis, legend.

• Logical/Mathematical Reasoning:
count, comparison, math, algebra,
geometry, percentage, ratio.

• Domain Knowledge: physics,
chemistry, biology, code,
algorithm, history.

• Reflective Reasoning: verification,
fact-check, error, discrepancy.

B Dataset-Level Case Studies

We compare FineVision source annotations with
OMNITHOUGHTVIS structured annotations, show-
ing how the pipeline transforms short-form super-
vision into explicit, auditable reasoning traces.

Case 1 (Scientific concept grounding). FineVi-
sion provides a brief justification for “ionic” bond-
ing. Our annotation follows a structured checklist—
entity identification → bonding analysis → dom-
inance judgment → structural verification—tying
the answer to observable cues.

Case 2 (Geometry; error correction). FineVi-
sion outputs option A without verification. Our an-
notation decomposes into geometry subgoals and
recovers the correct answer (D).

Case 3 (Meme affect analysis). FineVision
gives coarse labels. Our annotation allocates one

reasoning step per dimension (humor, sarcasm, of-
fensiveness, motivation, sentiment), grounded in
textual and visual evidence.

Case 4 (Chart reasoning; error correction).
FineVision answers “Yes” without comparison.
Our annotation performs curve-by-curve analysis,
arriving at the correct answer (No).

Case 5 (Visual search in a cluttered scene).
FineVision provides a brief description. Our an-
notation uses enumerate-then-identify: listing all
individuals and their attributes before identifying
the exception.

Full examples: Figures 8–12.
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Case 1

Question: Does this compound exhibit ionic or covalent bonding?

■ Original Annotation (FineVision): The interactions between zirconium and oxygen in this
structure indicate ionic bonding characteristics, particularly due to the presence of charged
oxygen. Answer: ionic

⋆ Structured Annotation (Ours):
<think>

To determine whether the compound exhibits ionic or covalent bonding, we need to analyze the
nature of the bonds between the atoms in the structure.

Step 1: Identify the elements involved. The structure contains zirconium (Zr), yttrium (Y),
and oxygen (O). Oxygen is highly electronegative, while Zr and Y are metals.
Step 2: Analyze metal–oxygen bonding. Zr and Y are transition metals bonded to oxygen
atoms. Oxygen typically forms anions (O−) in such compounds. The presence of O− ions
suggests electrons are transferred from the metals to oxygen, forming ionic bonds.
Step 3: Evaluate the dominant bonding type. In oxides of metals like Zr and Y, the bonding is
primarily ionic due to the large difference in electronegativity. Although some covalent character
may exist due to polarization, the dominant bonding type remains ionic.
Step 4: Structural verification. The structure shows Zr and Y each bonded to four O− ions,
typical for ionic oxides. The arrangement resembles a perovskite-like structure with metal
cations surrounded by oxygen anions, consistent with ionic bonding.
Conclusion: Given the involvement of metals (Zr, Y) and oxygen, and the presence of O− ions,
the bonding is predominantly ionic.
</think>

<answer> Ionic bonding </answer>

Figure 8: Case 1: Scientific concept grounding.
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Case 2

Question: Answer the mathematical geometry problem and directly provide the correct option
letter.

Circle O has a radius of 10, AB = 10 and m
⌢
AB = 60. Find m

⌢
AX .

Choices: A: 5 B: 10 C: 20 D: 30

■ Original Annotation (FineVision): A

⋆ Structured Annotation (Ours):
<think>

We are given: Circle O has a radius of 10, AB = 10, and m
⌢
AB = 60◦. We need to find m

⌢
AX .

Step 1: Analyze triangle OAB. Since AB is a chord and OA = OB = 10 (radii), and
AB = 10, triangle OAB has all sides equal to 10 — it is an equilateral triangle. Therefore

∠AOB = 60◦, consistent with m
⌢
AB = 60◦.

Step 2: Identify point X . Point X is the foot of the perpendicular from center O to chord AB.
By the perpendicular-from-center theorem, OX ⊥ AB bisects the chord, so AX = XB =
AB/2 = 5.
Step 3: Compute the arc. Since OX bisects both chord AB and central angle ∠AOB, we
have ∠AOX = ∠BOX = 60◦/2 = 30◦. Arc AX corresponds to central angle ∠AOX , so

m
⌢
AX = 30◦.

Conclusion: m
⌢
AX = 30. The correct answer is D.

</think>

<answer>D </answer>

Figure 9: Case 2: Geometry with error correction (FineVision: A; correct: D).
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Case 3

Question: Break down this meme’s emotional profile: humor level, sarcasm, offensiveness,
motivational qualities, and sentiment.

■ Original Annotation (FineVision): This meme is funny. It is generally sarcastic, not
offensive, and not motivational. The overall sentiment is positive.

⋆ Structured Annotation (Ours):
<think>
To analyze the emotional profile of this meme, let’s break it down step by step:
1. Humor Level. The humor stems from relatability and irony. Many students have experienced the frustration
of being unable to recall examples during an exam and resorting to writing “etc.” as a placeholder. The image of
Draco Malfoy, known for his smug demeanor, exaggerates this behavior. This contrast between a common academic
struggle and a character known for superiority creates a light-hearted, situational humor.
2. Sarcasm. There is a strong element of sarcasm. The phrase “LIKE A BOSS” is typically used to mock someone
acting overly confident. Here, it is applied to a student who pretends to be knowledgeable by using “etc.,” highlighting
the absurdity of feigning expertise.
3. Offensiveness. The meme is not offensive. It does not target any specific group, individual, or sensitive topic.
Instead, it pokes fun at a universal student experience in a non-malicious way.
4. Motivational Qualities. The meme lacks motivational qualities. It mocks a common academic shortcut rather
than inspiring positive behavior, making the audience laugh at their own past struggles.
5. Sentiment. The overall sentiment is negative but in a playful, ironic way. It expresses frustration with academic
limitations through humor and exaggeration. The tone is self-deprecating and slightly mocking, but not mean-spirited.
Summary: The meme uses relatable academic anxiety, exaggerated confidence, and sarcasm to create humor without
crossing into offensiveness.
</think>

<answer>
Humor Level: High (relatable, ironic, and exaggerated); Sarcasm: High (mocking the pretense of knowledge);
Offensiveness: Low (no targeted insults or sensitive topics); Motivational Qualities: None (mocks rather than
inspires); Sentiment: Playful negativity (self-deprecating humor with irony)
</answer>

Figure 10: Case 3: Meme affect analysis with multi-dimensional reasoning.
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Case 4

Question: Does Forest Green have the maximum area under the curve? Answer yes or no.

■ Original Annotation (FineVision): Yes.

⋆ Structured Annotation (Ours):
<think>

To determine whether Forest Green has the maximum area under the curve, we need to compare
the areas under all lines in the graph. The area under a curve is proportional to how high the line
stays above the x-axis over the entire range.

Step 1: Analyze each line. Cyan starts at the highest value (∼98) and decreases steadily but
remains relatively high throughout. Light Slate also starts high and decreases gradually, staying
above most other lines except Cyan. Olive starts high but drops sharply after the first few points.
Peru remains fairly flat around 78–79. Gold starts low and increases slowly. Light Gold starts
low and increases steadily, crossing some lines but not reaching the top. Forest Green starts
around 75, peaks slightly, then drops sharply and ends near zero.
Step 2: Compare areas. Cyan and Light Slate are the two highest lines throughout the range.
Cyan starts higher and maintains a higher position for most of the range. Forest Green, while
starting moderately high, drops quickly and ends near zero, so its area is significantly smaller.
Conclusion: Forest Green does not have the maximum area under the curve. Cyan has the
largest area due to its consistently high values across the entire range.
</think>

<answer>No </answer>

Figure 11: Case 4: Chart reasoning with error correction (FineVision: Yes; correct: No).
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Case 5

Question: Point out the person in the picture who is not wearing a helmet.

■ Original Annotation (FineVision): In the image, there is a person wearing a pink shirt and
dark pants, standing near the center of the image to the right of a blue truck, who is not wearing a
helmet. This individual is in contrast to the others around who are wearing helmets, presumably
for safety reasons at this construction or work site.

⋆ Structured Annotation (Ours):
<think>

To determine who is not wearing a helmet, I will examine each person in the image:

Step 1: Enumerate all individuals.
(1) Person on the left side of the blue truck: orange outfit, blue helmet.
(2) Person next to them: orange outfit, blue helmet.
(3) Person in the center-left: red outfit, blue helmet.
(4) Person in the center-right: dark outfit, blue helmet.
(5) Person near the bottom center: gray shirt, black pants, no helmet; holding a measuring tape.
(6) Person near the right side under the makeshift shelter: blue helmet.
(7) Person near the far right, partially obscured: blue helmet.
Step 2: Identify the exception.
After reviewing all individuals, only person (5) in the gray shirt is not wearing a helmet.
</think>

<answer>
The person in the gray shirt near the bottom center of the image is not wearing a helmet.
</answer>

Figure 12: Case 5: Fine-grained visual search in a cluttered scene.
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