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Non-Natural Image Understanding with Advancing
Frequency-based Vision Encoders
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1. Additional Examples

In Figure 1 and Figure 2, we present additional qualitative
examples illustrating the performance of our model on both
captioning and question-answering tasks. These figures un-
derscore the versatility of our model across multiple types
of non-natural image understanding tasks.

2. Evaluation Details

Traditional metrics for evaluating the quality of descrip-
tions, such as BLEU [17] and CIDEr [20], are limited by
their reliance on the linguistic style of the reference descrip-
tions. For instance, even for the GPT-4V, if not fine-tuned
on a corresponding training set, may generate descriptions
that are correct but receive low scores. Conversely, a model
fine-tuned on a training set with a similar linguistic style
can easily achieve high scores. To overcome this limitation,
we are inspired by [14], and we consider using GPT-4 to
evaluate the correctness and level of detail in the generated
descriptions. The prompts used for geometric caption eval-
uation are shown in Figure 3 and Figure 4(similar prompts
for chart and function), which allows for a more objective
assessment of the results produced by different models.

Table 1. Statistics of Caption Training Data.

Category Statistic Number
Total - Total number 190K
- Average length (words) 61.91
- Average length (characters) 350.67
- Vocabulary size 21127
Geometry - Total number 60K
- Average length (words) 44.23
- Average length (characters) 230.28
- Vocabulary size 2410
Chart - Total number 30K
- Average length (words) 109.40
- Average length (characters) 726.73
- Vocabulary size 20598
Function - Total number 100K
- Average length (words) 58.49
- Average length (characters) 321.11
- Vocabulary size 145

3. Training Data

In Tables 1 and Tables 2, we present the training data used
for alignment and instruction fine-tuning across three types
of non-natural images: geometry, charts, and functions.
The geometry data is sourced from Geol70K [4], the func-
tion data from Mavis-caption [22], and the chart data from
Chartllama [6]. Notably, for the chart data, we extended the
textual responses to provide more detailed analyses of the
visual modality’s impact on the results, rather than directly
answering with a single number or word. All of our training
data will be publicly available.

4. Baselines for the Caption task

To evaluate the performance of our model, we compare it
against both closed-source and open-source multimodal
large language models (MLLMs). The baselines are di-
vided into two categories:

4.1. Closed-Source MLLMs

These closed-Source models represent the state-of-the-art
in multimodal understanding and captioning tasks. They
include: Qwen-VL-Plus [2], Gemini-1.0-Pro [19], Qwen-
VL-Max [2], and GPT-4V [16]. These models serve as the
performance upper bound, given their advanced design and
access to extensive training resources.

CVPR
#10821

037

038
039
040
041
042
043
044
045
046
047

048

049
050
051
052

053

054
055
056
057
058
059



CVPR
#10821

060

061
062
063
064
065
066
067
068
069
070
071
072
073
074
075

CVPR 2025 Submission #10821. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Prompt: Provide a
description  of the
given image.

Prompt: Provide a z
description  of the ||p

given image.

B

The image depicts a
EAGLE | parabola opening
sideways. The vertex of
the parabola is at (0, 0) .
The intersections indicate
that for each y >0, there
are three x -values such
that fix)=y.

EAGLE  ( pe image depicts a square inscribed

inside a circle with center O . The
points A and B are two opposite
vertices of the square, while P lies
outside the circle and is connected to
both A and B.

Mavis The image shows a circle with center O ,

Pro Provide a
desc n of the

given image.

EAGLE ( The image appears to be a digital chart with a black background. It
features a series of peaks and valleys in a wave-like pattern, represented
in vibrant colors such as yellow, purple, and blue. These colors could be
indicative of different data sets or categories within the chart. The

checkerboard pattern in the bottom left corner might serve as a legend or

and a triangle PAB inscribed inside the | Mayis
circle. The points A and B lie on the
circumference of the circle, while point P
is at the center of the circle. The triangle
is an equilateral triangle, and all three
vertices of the triangle touch the circle.

This image displays the graph of the quadratic
function f(x)=x"2. The parabola opens upwards | Mavis
with its vertex at the origin (0,0). The horizontal
axis is the x-axis, and the vertical axis is the y-axis.
Two horizontal dashed lines are drawn at the levels
y =1 and y = 2, but the specific coordinates of the
intersection points with the parabola are not labeled.

a reference for interpreting the chart's data.

The image shows a line graph comparing the annual revenues of different
companies over a specific time period. There are four data series
represented in the graph, each marked with different colors and patterns.
The x-axis is labeled “Year” and shows the time progression, while the y-
axis is labeled “Monthly Percentage,” indicating the percentage values for
each party over time.

% The diagram consists of a circle labeled as

N circle O. Points A and B are located on the E*
circumference of the circle. Point P is located

outside the circle. A line segment is drawn
from point P to point A, and another line
segment is drawn from point P to point B.
with a value of 4.

The function is defined on the interval [-2, 2] and is
represented by y =0 when x =4, and y = 4 when x
=-2, 2. The function is continuous on the interval
[-2, 2]. The function has a local minimum at x = 0,
with a value of 0, and a local maximum at x = -2, 2,

different political parties over time. It is a horizontal bar chart that shows
the percentage of voter support for different parties from the year 2000 to
2045. The x-axis represents the years, and the y-axis represents the voter
support percentage. Each party's line represents the fluctuation in voter
support over the years. The chart provides a visual representation of how
the support for these parties has changed over time.

3 | The chart is a line chart that represents the voter support percentage for
N

Figure 1. More presentation of caption tasks.

Table 2. Statistics of Instruction Training Data.

Category Statistic Number
Total - Number of unique questions 247K
- Average question length 44.35
- Average answer length 61.62
Geometry - Number of unique questions 117K
- Average question length 69.88
- Average answer length 70.19
Chart - Number of unique questions 100K
- Average question length 12.51
- Average answer length 60.51
Function - Number of unique questions 30K
- Average question length 50.82
- Average answer length 31.45
4.2. Open-Source MLLMs

These models are publicly available, making them more ac-
cessible for research and development. All three data types
include LLaVA [13] and its variants (LLaVA-adapter [5],
LLaVA-next [8]), known for their adaptability to multi-
modal inputs, with visual encoders fine-tuned on open
datasets. For these models, we directly use their pre-trained
weights. In addition, we introduce 3 baselines for each data
type, including:

Geo-Caption: For geometric image caption we selected
3 state-of-the-art baselines respectively: G-LLaVA [4],
MAVIS [22], and EAGLE [9].

Function Caption: For function image caption, to the
best of our knowledge, only MAVIS has attempted, so we
use the function image caption dataset provided by MAVIS
and train according to G-llava and EAGLE as the corre-

sponding baseline model.

* G-LLaVA: First train the projection linear layer and then
both the projection linear layer and the language model
are trainable.

e MAVIS: First Train the visual encoder and then freeze
the CLIP-Math in both the alignment phase and instruc-
tion fine-tuning phase, and train the projection layer along
with the LoORA-based LLM.

* EAGLE: First train the visual encoder and projection
layer and then use Lora to fine-tune the visual encoder
and train the projection layer and LLM with full parame-
ters

Chart Caption: For the chart image caption, we com-
pare 2 chart understanding models, ChartLlama [6] and

Unichart [15]. We additionally use the same chart dataset

to fine-tune MAVIS, G-LLAVA, and EAGLE. The complete

experimental results are shown in the Table 3.

5. Baselines for the Q&A task
5.1. For GeoQA

In our experimental setup, we compare our method against
three categories of baselines: heuristics-based baselines,
conventional models, and multi-modal large language mod-
els (MLLMSs). The heuristics-based baselines include Ran-
dom Chance and Frequent, which provide simple reference
points for evaluating performance. Conventional models
such as Geoformer [3] and UniMath [10] represent tra-
ditional task-specific solutions designed for mathematical
and geometric reasoning. The MLLMs include state-of-
the-art open-source models like LLAVA-1.5 [13] (7B and
13B), Math-LLAVA [18], G-LLAVA [4] (7B and 13B),
MAVIS [22], and EAGLE [9], which are based on ad-
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Question: As shown in the
figure, AB is the diameter of
circle O, and the degree of
angle ADC is 35.0, then the
degree of angle BOC is ()
Choices:

A:120° B:110°

C:100° D:70°

Mavis Since angle ADC=35°, the degree of angle BOC is

35°x2=70°. Therefore, the answer is D.

G-LLaVA | Since angle B and angle D are angles corresponding to arc

AC, it follows that angle B = angle D = 35°. Therefore,
angle BOC = 2angle B = 2x35° = 70°. Hence, the answer
is D.

SPHINX
-MoE

Mavis

Question: Which function
grows the fastest as x
increases?

Looking at the graph, it seems that function purple grows
the fastest as x increases because it appears to dominate the
other functions over a wide range of x -values. Thus, the
fastest-growing function is purple.

From the graph, it might seem that the function \log_{10}
x grows the fastest as x increases, because it appears to
rise steadily and surpasses the other functions at larger x -
values. Therefore, the fastest-growing function is
\log_{10} x.

Chart
LLama

Unichart

Question: How many drug
recall enforcement reports

did the FDA issue for over-
the-counter drugs in 2015?

In 2015, the FDA issued 222 drug recall enforcement reports
for over-the-counter drugs, as indicated by the blue bar in the
chart for that year.

The chart displays the number of FDA drug recall enforcement
reports issued each year. For over-the-counter drugs, the
numbers are as follows: 7 in 2012, 74 in 2013, 26 in 2014, 26 in
2015, 43 in 2016, and 43 in 2017. Specifically, in 2015, the
FDA issued 26 drug recall enforcement reports for over-the-
counter drugs.

5 [ Since angle ADC = 35°, it follows that angle AOC = A
\§ 2angle ADC = 70°. Therefore, angle BOC = 180° - angle &

AOC =110°. Thus, the correct choice is B.

Look at the slope of the curves. The slope is the rate of
change of the function values. The slope of the red curve is
steeper than the slope of the blue curve. Therefore, the
function red grows the fastest as x increases.

‘@f The tabular data for this chart is Characteristic, Over-the-

N counter, Prescription\n2017*, 43, 240\n2016, 28, 207\n2015,
39, 195\n2014, 30, 232\n2013, 26, 206\n2012, 7, 89\n".
According to the data we know that in 2015, the FDA issued 39
drug recall reports for th ter drugs, so
the answer is 39.

Figure 2. More presentation of question-answer tasks.

Table 3. The complete experimental results of Chart Caption

Model Correctness Detail
Closed-source MLLMs

Qwen-VL-Plus [2] 1.75 2.15
Gemini-1.0-Pro [19] 2.00 2.20
Qwen-VL-Max [2] 2.35 2.30
GPT-4V [16] 1.88 2.33
Open-source MLLMs

LLAVA [13] 2.05 2.45
LLAMA-Adapter [5] 2.19 2.65
LLAVA-NeXT [8] 2.26 2.72
G-LLAVA [4] 2.25 2.79
MAVIS [22] 2.31 2.78
EAGLE [9] 2.33 2.75
Ours 2.35 2.84

vanced architectures such as Vicuna and LLAMA-2. These
baselines ensure a comprehensive evaluation of our method
against a range of existing approaches.

5.2. For FunctionQA

In our experimental setup, we compare EDGE against three
categories of baselines: heuristics-based baselines, closed-
source MLLMs, and open-source MLLMs. The heuristics-
based baseline includes Random Chance, which serves as
a simple reference point. The closed-source MLLMs in-
clude advanced proprietary models such as CoT GPT-4 [1],
PoT GPT-4 [1], Multimodal Bard [19], and GPT-4V [16],
which represent the state-of-the-art in multimodal reason-
ing tasks. The open-source MLLMs consist of models
like LLAVA [21], LLAMA-Adapter [5], LLAVA-NeXT [8],
SPHINX-MoE [11], and MAVIS [22], which leverage ac-
cessible architectures such as Vicuna-1.5 and MAmmoTH-
2-7B for multimodal tasks. These baselines provide a com-

Table 4. Ablation experiments of the visual encoder with different
adjustment strategies in stage 3.

LoRA
68.2

Vision Encoder in Stage 3~ Full Fine-tune = Freeze
Performance on GeoQA 65.7 67.3

prehensive comparison, highlighting the effectiveness of
our model, which achieves competitive performance against
both open-source and closed-source approaches.

5.3. For ChartQA

In our experiments on the ChartQA benchmark, we com-
pare our method against both conventional models and
multi-modal large language models (MLLMs). The conven-
tional models include Pix2struct [7], Matcha [12], Chart-
T5 [23], and Unichart [15], which are specialized meth-
ods designed for processing and reasoning with chart
data. The multi-modal large language models consist of
SPHINX [11], Qwen [2], and Chartllama [6].

6. Ablation of Vision Encoder in Stage 3

The visual encoder is fully fine-tuned in stages 1 and 2. In
stage 3, visual encoder is frozen and LoRA is used for fur-
ther adjustments. This approach is based on the fact that, as
the LLM backbone is fine-tuned on the QA dataset and ac-
quires knowledge from step-by-step rationales, the LoRA-
based visual encoder progressively shifts focus toward key
geometric cues critical to the resolution process, rather than
the entire image. This synergy enhances a deeper under-
standing of geometric features. We include an ablation
study of the adjustment strategy, as shown in the Table
above, which confirms that LoRA tuning yields the best per-
formance. The projection layer is fine-tuned in stages 2 and
3, while the LLM is adjusted only in stage 3.
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// Evaluation of the correctness of the geometry

{

n.n

"role": "system",
"content":
"You are an intelligent chatbot designed for evaluating the accuracy of generative outputs for geometry-based image question-
answer pairs. "
"Your task is to compare the predicted answer with the correct answer and determine its accuracy in terms of geometric shapes and
properties. Here's how you can accomplish the task:"
"##INSTRUCTIONS: "
"- Check if the predicted answer includes all the correct geometric shapes and properties present in the correct answer.\n"
"- Evaluate whether the predicted answer accurately describes the geometric elements, including their relationships and
characteristics.\n"
"- Consider synonyms or paraphrases as valid matches.\n"
"- Provide a single evaluation score that reflects the accuracy of the prediction in terms of geometric correctness."

3
{
"role": "user",
"content":
"Please evaluate the following geometry-based image question-answer pair:\n\n"
f"Question: {question}\n"
f"Correct Answer: {answer}\n"
f'"Predicted Answer: {pred}\n\n"
"Provide your evaluation only as an accuracy score where the accuracy score is an integer value between 0 and 5, with 5 indicating
the highest level of accuracy. "
"Please generate the response in the form of a Python dictionary string with keys 'score', where its value is the accuracy score in
INTEGER, not STRING."
"DO NOT PROVIDE ANY OTHER OUTPUT TEXT OR EXPLANATION. Only provide the Python dictionary string. "
"For example, your response should look like this: {'score': 4}."

Figure 3. Evaluation of the correctness of the geometry.

//Evaluation of geometric details
{
"role": "system",
"content":
"You are an intelligent chatbot designed for evaluating the detail orientation of generative outputs for geometry-based image question-answer pairs. "
"Your task is to compare the predicted answer with the correct answer and determine its level of detail, considering both completeness and specificity.
Here's how you can accomplish the task:"
"##INSTRUCTIONS: "
"- Check if the predicted answer covers all major points from the image. The response should not leave out any key aspects related to the geometric
elements.\n"
"- Evaluate whether the predicted answer includes specific details rather than just generic points. It should provide comprehensive information that is
tied to specific elements of the image.\n"
"- Consider synonyms or paraphrases as valid matches.\n"
"- Provide a single evaluation score that reflects the level of detail orientation of the prediction, considering both completeness and specificity."
1
{
"role": "user",
"content":
"Please evaluate the following geometry-based image question-answer pair:\n\n"
f"Question: {question}\n"
f"Correct Answer: {answer}\n"
f"Predicted Answer: {pred}\n\n"
"Provide your evaluation only as a detail orientation score where the detail orientation score is an integer value between 0 and 5, with 5 indicating the
highest level of detail orientation. "
"Please generate the response in the form of a Python dictionary string with keys 'score', where its value is the detail orientation score in INTEGER,
not STRING."
"DO NOT PROVIDE ANY OTHER OUTPUT TEXT OR EXPLANATION. Only provide the Python dictionary string. "
"For example, your response should look like this: {'score': 4}."

Figure 4. Evaluation of geometric details.
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7. Limitation and Future Work

Despite the significant progress achieved by FM-ViT and
the edge model in understanding non-natural images, there
are still some limitations that warrant further investigation.
First, while the frequency modulation technique enhances
the ability to capture high-frequency information, it remains
insufficient in extracting fine-grained details, such as subtle
protrusions on a line or isolated points. Second, this study
primarily focuses on improving the visual encoding capabil-
ities for non-natural images, without delving into the impact
of larger and more diverse datasets, leaving this aspect for
future exploration.

In future work, we plan to further enhance the model’s
ability to extract fine-grained information from non-natural
images. Additionally, we aim to generate synthetic datasets
with greater diversity and realism through advanced data
augmentation methods to further improve the model’s un-
derstanding and generalization capabilities for broader ap-
plications, such as education, accessibility tools, and data-
driven policymaking.
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