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A. Dataset
The original Vistext [43] eval dataset contains only single
chart images that only have single data series, make the task
less challenging. In our work, we first cluster charts into
groups of size 2-6 using original chart titles bag-of-words as
features and TF-IDF method to find similar charts. Then we
render the chart group into one image treating each chart as
a sub-plot. In total 383 charts are converted into 99 images,
which are used in our data generation pipeline.

Figure 9 shows the top 100 most frequent features in the
input JSON schemas of the SO-BENCH dataset, demon-
strating the diversity of schema fields covered by our bench-
mark.

B. Training Details
B.1. Training Dataset
This section provides additional details on the training
dataset used in our study (Section 4.3). For supervised
fine-tuning, we construct a training corpus sourced from the
training sets of HierText [26], AriaUI [57], and COYO [7].
We balance both in-domain vs. out-of-domain data and real
vs. synthetic JSON schemas. HierText serves as the in-
domain dataset because its test split is used to build part
of the SO-BENCH evaluation set. COYO and AriaUI, in
contrast, provide out-of-domain training data. For the full
HierText training set (10K images), we generate one ver-
sion with synthetic schemas and another with real JSON
schemas. For AriaUI, we downsample to 10K images,
drawn from desktop, mobile, and web UI screens. Simi-
lar to HierText split, we generate one example with syn-
thetic schema and another with real JSON schema for ev-
ery image. Since COYO is extremely large (over 747M
image–text pairs), we first categorize and then randomly
downsample it to 95K images, consisting of: 20K info-
graphics, 10K handwritten images, 40K scene-text images,
5K maps, and 20K tables. Among these, 80% of the im-
ages are paired with real JSON schemas, while 20% use
synthetic schemas. Finally, we filter out noisy samples with
low label quality, ending up with 114K training samples.

B.2. Training hyperparameters
In all our of SFT experiments, we train the model for around
3 epochs and we adjust the batch size (among 64, 128, 256)
and training steps accordingly based on the training data
size. We used learning rate of 2e-5 and max sequence length
of 16k. For RL experiments, we used learning rate of 3e-7,
batch size of 256. For each sample, we generate 32 rollouts

and compute the advantage using the REINFORCE Leave
One Out (RLOO) [3]. Again we train the model for around
3 epochs.

C. Ablation Studies
Figure 11 studies the metrics correlations between SO-

BENCH and other benchmarks from multiple open-sourced
and proprietary models presented in Table 1. Their Pearson
correlation coefficients are summarized in Table 2.

D. Error Examples
Figure 12 shows an example output from Gemini-2.5-pro.
We see that the model is already very good at interpreting
chart data and it’s predicted data values are very close to
the ground truth, which are considered to be correct with
fuzzy match. However, there is no explicit unit annotation
on the chart, so the model has to infer the unit based on
the text. Although the predicted answer also make sense,
the edit distance w.r.t the ground truth already exceeds the
threshold, thus it could not score full match on this exam-
ple. One potential to improve our evaluation metrics is to
introduce VLM-as-a-judge for fields with fuzzy match.

As we discussed in subsection 4.3, due to overall shal-
lower schema depth in AriaUI subset of training data, the
model trained on it could not learn to generalize well to
deep schemas in chart domain. Figure 13 shows such an
error example from the model. In this case, the extracted
values are correct, but the model just hallucinated a shal-
low structured that is not compliant with the input schema,
leading to 0 scores on all metrics.

In Figure 14, Figure 15, Figure 16, we show 3 more er-
ror examples made by the SFT model trained on the entire
training set. In Figure 14, we see that the model is partially
correct on the generated outputs, but it mistakenly treated
the title of the schema as one of the target fields, and pro-
duced an extra field which leads to 0 score on schema vali-
dation. This suggests that the model’s instruction following
ability could be further improved. In Figure 15, we see that
the model’s output is fully compliant with the schema, but
all values are off compared to the ground truth. We see that
the text in this image is very dense, and even for humans
we have to zoom in on the first section of the page to see
the details. This suggest that the visual perception ability
of high-resolution images is still relatively weak. Finally,
in Figure 16, we see that the model is correct in terms of
schema validation and also get partial score on field match.
However, it could not capture all available discounts on the
page, because the information is actually scatter at differ-



Figure 9. Top 100 frequent features

Figure 10. The results breakdown by the data categories for the model trained with 20K randomly sampled data and model trained with
Aria-UI subset of the data. In the left figure, we show the schema validation accuracy and in the right figure, we show the field match
accuracy (fuzzy).

Figure 11. Metrics correlation analysis.

ent places. This hints that the general visual understanding
ability that require reasoning over entire image is also a di-
rection for improvement.

E. Instruction Following Prompt

Table E presents the instruction-following prompt used
for structured output generation. Notably, the prompt in-



Figure 12. An example error (Chart image) from Gemini-2.5-Pro predictions. The box with Robot icon contains model predictions and the
box with start icon contains ground truth. The blue font indicate that our fuzzy match metric is able to count those fields as correct, and the
red font indicate mismatched field.

cludes explicit guidance on handling default values, partic-
ularly for fields labeled as required but not directly parsable
from the input images. The same rules are consistently ap-
plied throughout both the data generation pipeline and the
inference process, ensuring alignment between training and
evaluation settings.



Figure 13. An example error (Chart image) from the model trained on AriaUI subset of data. Although the extracted values themselves are
correct, the output does not follow the schema structure at all, leading to 0 scores on all metrics in this case.

Figure 14. An example error (Natural image) from the SFT model trained on full data. This example gets partial score on field match but
is invalid w.r.t. the schema



Figure 15. An example error (Document) from the SFT model trained on full data. This example gets 0 score on field match while being
valid w.r.t the schema



Figure 16. An example error (UI image) from the SFT model trained on full data. This example gets partial score on field match while also
being valid w.r.t the schema



Instruction Following Prompt for Structured Output

SYSTEM PROMPT

Visual Structured Information Extractor You are an expert at extracting structured

information from images according to provided schemas. Given the image and user

intent, extract information that matches the provided JSON schema.

Constraint-Aware Default Rules (for missing/unextractable required fields)

General precedence

• P0 | Use explicit schema defaults: If provided in schema, prefer these.

• P1 | Respect enumerations/const: Use the declared const or the first enum value (in

stable order).

• P2 | Apply type-specific rules while respecting schema constraints.

Strings

• Default placeholder: #.

• Respect minLength/maxLength:

– If minLength = m → 1, return exactly m hash characters.

– If minLength = maxLength = n, return n hash characters.

• If pattern forbids #, construct the shortest valid alternative using allowed

characters ("A", "0", etc.).

• Only output null if "null" is explicitly allowed.

Integers & Numbers

• Default to 0.

• If minimum/exclusiveMinimum is present, choose the lowest valid value.

• If maximum/exclusiveMaximum is present and 0 violates it, choose the highest valid

value under the bound.

• If multipleOf is present, adjust to the nearest valid multiple.

Booleans

• Default to false unless otherwise constrained.

Dates / Times

• Use RFC 3339-valid placeholders:

– "1970-01-01" for date

– "1970-01-01T00:00:00Z" for date-time

– "00:00:00Z" for time

• If stricter patterns exist, choose the simplest valid match.

Arrays

• If minItems = k, return exactly k items, recursively filled with these same rules.

• Ensure uniqueness if uniqueItems:true.

Objects

• Populate all required fields recursively.

• Never add undeclared fields.

Edge-Case Notes

• Never hallucinate values. Required fields must be filled with constraint-compliant

placeholders.

• Optional fields may be omitted or set to null if allowed.

• If constraints are contradictory, return the closest minimally violating

placeholder.

• Stable tie-breaking: when multiple placeholder choices are possible, use the first

in schema order.

Output Format

• Return only valid JSON, wrapped in:

‘‘‘json

{ ... }

‘‘‘

• All required fields must appear.

• Placeholders must respect schema constraints.



• No comments, no extra text, no extra fields.

USER PROMPT

JSON Schema:

‘‘‘json

{schema json}
‘‘‘

User Intent: {user intent}
Please analyze the image and extract structured information according to the schema

above, honoring the user intent.

Return only valid JSON in a fenced ‘‘‘json code block.


