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Abstract

For question answering in multi-modal contexts that in-
clude image, chart, and text modalities, a model must be
proficient in understanding each individual modality. Fur-
thermore, the model must be able to find the necessary
evidence from multiple modalities and generate answers
through cross-modal reasoning for some questions. In this
paper, we propose the Image and Chart Instruction Tuning
(IC-tuning) method to enhance the model’s comprehension
of each modality. Specifically, we introduce visual-aware
chart instruction-following data that describe both precise
numerical values and visual information on the charts. We
then train a Large Language Model (LLM) with a model
architecture that utilizes an image-specific encoder and a
chart-specific encoder. Our experiments demonstrate that
this method achieves state-of-the-art performance in Chart
Summarization and Open-ended Chart question answering
(OpenCQA) tasks while having minimal impact on image
and language benchmark performance. Although the IC-
tuned model shows great comprehension performance for
each modality, it still struggles with question answering
tasks in multi-modal contexts because it is only trained on
data for understanding each individual modality. To ad-
dress this, we introduce the Question Answering over Im-
age, Chart, and Text (ICT-QA) dataset, designed specifi-
cally for question answering in multi-modal contexts. After
further training the IC-tuned LLM with the ICT-QA dataset,
our evaluations demonstrate that ICT-QA significantly im-
proves the quality of answers for both single-modal ques-
tions, where only one modality needs to be referenced from
multiple modalities, and cross-modal questions, which re-
quire reasoning across multiple modalities.

“Equal Contributions
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1. Introduction

Information is conveyed not only through text but also
through various other modalities. Many documents incor-
porate images to provide visual evidence and charts to ef-
fectively represent data trends. For example, Pew Research
Center' publishes articles on public opinion polling, demo-
graphic research and other data-driven social science re-
search, incorporating text as well as images and charts. Ad-
dressing question answering in these multi-modal contexts
presents two significant challenges: (1) The model must be
proficient in understanding image, chart, and text modal-
ities. (2) The model must be able to find the necessary
evidence from multiple modalities and generate answers
through cross-modal reasoning for some questions.

For the challenge (1), there is a variety of research on
Multi-modal Large Language Model (MLLM), which can
understand image and text modalities [3, 5, 11, 31, 36,
37, 64, 67]. For example, LLaVA [36, 37] connects the
image encoder, CLIP [52], to the Large Language Model
(LLM) through visual instruction tuning. In the case of
chart modality, similar to LLaVA, there are studies that con-
nect CLIP by treating charts as images, or use other chart-
specific encoders to connect to LLM [15, 45, 47]. These
studies propose chart instruction-following data for various
tasks generated by LLMs such as GPT [50].

However, we identify two opportunities to improve the
model’s comprehension of all three modalities. First, all the
chart instruction-following data proposed in these studies
does not consider the visual information on the charts. Their
approach uses a table converted from the chart as input to
the LLM, resulting in data that includes only numerical in-
formation and lacks the visual Information on the charts.
Second, these studies do not focus on improving the perfor-
mance across all three modalities. For exmaple, post-tuning
LLaVA with chart instruction-following data, as in ChartL-
lama [15], improves chart comprehension but significantly
decreases understanding of image and text modalities due

Uhttps://www.pewresearch.org/



to catastrophic forgetting, as observed in Section 4.2.

Therefore, we propose the Image and Chart instruction
tuning (IC-tuning) method to enhance the model’s compre-
hension of each modality as shown in Figure 1. First, we
propose generating visual-aware chart instruction-following
data by using GPT-4V [50] with both tables and chart im-
ages. Note that our proposed visual-aware chart instruction-
following data considers both the exact numerical values in
the tables and the visual information on the chart images,
such as the text around the chart (e.g., title), legend (e.g.,
x and y axes), and color, as shown in Figure 2. Second,
we train a model with a mixture of multi-modal instruction
following data that includes existing data and our proposed
data, encompassing image, chart, and text modalities. For
this, we adopt a model architecture that utilizes CLIP and
Unichart [45] encoders separately for each image and chart
modality.

Finally, we demonstrate that our IC-tuned LLM is
competitive on traditional chart benchmarks and achieves
the highest performance on G-Eval [40] in Chart Sum-
marization and Open-ended Chart Question Answering
(OpenCQA) [20] tasks. Furthermore, through ablation stud-
ies, we show that our model architecture, which employs
two separate encoders, is highly effective in improving chart
benchmark performance while minimizing the impact on
vision and language benchmark performance.

Although our IC-tuned LLM shows excellent perfor-
mance in each modality, the challenge (2) remains unre-
solved. As shown in Figure 1, questions in multi-modal
contexts include both single-modal questions, requiring
finding evidence from a specific modality, and cross-modal
questions, requiring reasoning across multiple modalities.
As an example of related work, LLaVA-NeXT-Interleave
[30] is fine-tuned for multi-image tasks and can handle
multi-modal contexts that include both images and charts
by treating the chart as another image, similar to a multi-
image task. However, it still does not show great perfor-
mance, as observed in Section 4.3. Furthermore, while there
are studies proposing multi-modal question answering data
addressing image, table, and text modalities [16, 60], there
is no research specifically addressing the image, chart, and
text modalities.

Hence, we propose the Question Answering over Im-
age, Chart, and Text (ICT-QA) dataset, which includes
both single-modal and cross-modal questions in multi-
modal contexts. After further training IC-tuned LLM with
the ICT-QA dataset and evaluating it with G-Eval, we
demonstrate that the model achieves higher-quality answers
for multi-modal contexts compared to the only IC-tuned
model, LLaVA, and LLaVA-NeXT-Interleave. Addition-
ally, through ablation studies, we show that ICT-QA en-
hances the capability to find relevant evidence in multi-
modal contexts and strengthens cross-modal reasoning.
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Our main contributions are: (i) We introduce the IC-
tuning method to improve the model’s comprehension of
each modality: chart, image, and text. In this method, we
propose a visual-aware chart instruction-following dataset
and a model architecture that utilizes both an image-specific
encoder and a chart-specific encoder. (ii) Our model
demonstrates state-of-the-art (SOTA) performance in G-
Eval for Chart Summarization and Open-ended Chart Ques-
tion Answering (OpenCQA) tasks, while having minimal
impact on image and language benchmark performance.
(iii) Furthermore, we propose the ICT-QA dataset, designed
specifically for question answering in multi-modal contexts
including image, chart and text modalities. Through ex-
periments, we demonstrate that ICT-QA significantly im-
proves the quality of answers for both single-modal and
cross-modal questions within multi-modal contexts.

2. Image and Chart instruction tuning (IC-
tuning) method

For question answering in multi-modal contexts that include
image, chart, and text modalities, a model must be profi-
cient in understanding each individual modality. Hence,
we propose the Image and Chart Instruction Tuning (IC-
tuning) method to enhance the LLM’s comprehension of
each modality, as shown in Figure 1. In the following sec-
tions, we first describe the visual-aware chart instruction-
following data, and then describe the model architecture and
training strategy.

2.1. Visual-aware chart instruction-following data

Chart summarization, open-ended question answering, and
reasoning QA are popular tasks for understanding charts
[45]. Therefore, we use GPT-4V [50] to generate 57K
visual-aware chart instruction-following data for these tasks
by utilizing both tables and chart images.” Since GPT-
4V can recognize both tables and images, it can generate
chart instruction-following data including the exact numer-
ical values in the table and visual information expressed on
the chart as shown in Figure 2.

We collect chart and table pairs from the Unichart dataset
[45] and ChartQA [44], which consist of various types of
charts from diverse sources. Using these pairs, we first gen-
erate chart summarizations with GPT-4V. We then gener-
ate questions and answers for open-ended QA based on the
chart summarizations. As a result, the generated chart sum-
marizations and open-ended questions offer a more holistic
comprehension of the chart by incorporating visual infor-
mation, compared to those generated by using only tables.
For reasoning QA, we design it similarly to open-ended QA

2The statistics for generated data can be found in Table 9 of Ap-
pendix D, and all the prompts used to generate the data can be found in
the Appendix G.
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Figure 1. The overview of IC-tuning and ICT-QA dataset. In the IC-tuning method shown in Figure (a), we train the LLM using a
mixture of multi-modal instruction-following data, incorporating our proposed visual-aware chat instruction-following data. Additionally,
we adopt a model architecture that uses CLIP (Radford et al. 2021) and Unichart (Masry et al. 2023) encoders separately for each image
and chart modality. Figure (b) represents the ICT-QA dataset, which involves both single-modal and cross-modal questions within multi-
modal contexts that incorporate image, chart, and text modalities. Image Q, Chart Q, and Text Q represent questions related to each specific
modality, and arrows indicate the modalities that should be referenced to answer the questions. For example, Chart Q, such as “What is
this chart trying to express?” may require reasoning across both chart and text modalities. In the illustration, the solid and dashed arrows
point to the chart and text modalities, respectively, indicating whether they should be referenced primarily or secondarily.
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The chart is titled "Plot of fertility rates in Guatemala" and displays data for the years 1995
through 1998. There are two types of fertility rates represented in the chart: the Adolescent
fertility rate and the general Fertility rate. each indicated by different colors. The Adolescent
fertility rate is shown in red bars, while the Fertility rate is represented by beige bars. For
the year 1995, the Adolescent fertility rate is approximately 116.52, and the Fertility
rate is about4.94.1In 1996, the Adolescent fertility rate slightly decreases to around
115.17,and the Fertility rate also drops to about4.85.

The chart uses a horizontal bar graph format to present the data, with the years listed on the
vertical axis and the rates indicated on the horizontal axis. The scale for the rates starts at 0
and goes up to 120 for the Adolescent fertility rate and up to 5 for the general Fertility rate.
with the actual rates falling well within these ranges. The consistent decrease in both rates
over the four-year period is clearly visible.

Figure 2. The example of Chart Summarization data in the visual-aware chart instruction-following data. Underlined text represents
visual descriptions derived from chart image and bold text represents descriptions of numerical values obtained from the table.

but incorporate Chain of Thought (CoT) style answers, akin
to Deplot [34].

2.2. Model Architecture & Training

We adopt a model architecture that uses CLIP [52] and the
Unichart encoder [45] separately for each image and chart
modality, as shown in Figure 1. The Unichart encoder, a
Donut [24] based model fine-tuned on various chart tasks,
is better suited for chart encoding compared to CLIP. Ad-
ditionally, using separate encoders for images and charts
ensures that the model is less affected by task interference
across different modalities during multi-task tuning on a

3For reasoning QA, we used only the tables and questions from
ChartQA without the chart images, as numerical calculation is crucial. We
prompted the model to generate CoT-style answers and then filtered out
cases where the generated final answers did not match the gold answers
from ChartQA.

140

mixture of multi-modal instruction-following data, as we
will discuss in Section 4.2.

IC-tuning consists of a three-stage training process. Note
that the details of training data of each stage is described in
Appendix D. Stage 1 is pre-training for image and chart
feature alignment. In this stage, we train only the pro-
jection layer of CLIP with image-text pairs and the pro-
jection layer of the Unichart encoder with chart-text pairs
and chart-table pairs, while keeping the parameters of the
LLM frozen. Stage 2 is fine-tuning for image and chart
instruction-following. In this stage, we train the LLM and
all projection layers with a mixture of publicly available
existing multi-modal instruction-following data, which in-
clude image, chart, and text modalities. Note that the chart
instruction-following data used in this stage is generated by
LLMs using only tables or by humans. According to the ex-
perimental results in Section 4.2, when we proceed to stage



3 after tuning with this data, the model’s chart compre-
hension performance improves. Stage 3 is fine-tuning for
visual-aware chart instruction-following. In this stage,
we further-train the LLM and all projection layers with our
visual-aware chart instruction-following data. To prevent
catastrophic forgetting problem, we also sample and use im-
age and text instruction-following data used in stage 2.

3. Question Answering over Image, Chart and
Text (ICT-QA) dataset

3.1. Motivation

Through IC-tuning, we enable the model to effectively un-
derstand each of the image, chart, and text modalities. How-
ever, the model still struggles with QA tasks for multi-
modal contexts consisting of image, chart and text modal-
ities, as shown by the examples in Figures 5 and 6 in Ap-
pendix B.2. This is due to the following challenges. For
single-modal questions, the model must be able to find the
evidence for the answer within a multi-modal contexts. For
cross-modal questions, the model must be able to find ev-
idence across multiple modalities and generate the answer
through cross-modal reasoning.

Hence, we propose Question Answering over Image,
Chart and Text(ICT-QA) dataset, which includes both
single-modal and cross-modal questions for the multi-
modal contexts as shown in Figure 1 and Table 1.

3.2. Multi-modal contexts collection and QA gener-
ation

We collect 963 articles from the Pew Research Center” for
the multi-modal contexts of real-world scenario. These arti-
cles are about opinion poll, content analysis and other data-
driven social science research and include not only text but
also image and chart modalities. We construct a multi-
modal contexts utilizing by combining one image, one chart
and full text from each crawled article.

In order to generate single-modal and cross-modal ques-
tions for multi-modal contexts, we define 9 types of ques-
tions (3 types per each modality). Table | shows the ex-
ample of each question type. The target modalities identify
where the evidence of the question comes from. Image +
Text or Chart + Text represent cross-modal questions that
require reasoning across both image and text, or chart and
text, respectively. Note that we do not consider cross-modal
reasoning over chart and image, because charts and images
are rarely relevant to each other.

We use GPT-4V to generate 7K pairs of predefined types
of questions and answers for the collected multi-modal con-
texts.” For image and chart modality, we generate descrip-

“https://www.pewresearch.org/
STable 10 of Appendix E shows the statistics of generated ICT-QA
dataset.
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tions of the image and chart, and then generate questions
and answers.’ Note that when generating questions for im-
age and chart modalities, we also include paragraphs near
the image and chart in the prompt to facilitate the genera-
tion of cross-modal questions with text.

3.3. Training

Since each training example in the ICT-QA dataset includes
both image and chart modalities, we insert special tokens,
[Image] or [Chart], before the image and chart modalities
to distinguish them. Additionally, we interleave the image
or chart at their respective positions within the multi-modal
context.

4. Experiment

4.1. Implementation details

For base LLM, similar to LLaVA 1.5 [36], we adopt Vicuna
7B [8], which is Llama 2 [62] fine-tuned with ShareGPT
[1]. Refer to Appendix D for training data of each stage and
hyper-parameters.

4.2. IC-tuning evaluation

This section describes the evaluation results of IC-tuning
method. First, we evaluate chart comprehension perfor-
mance. Second, we conduct ablation studies to analyze the
effectiveness of IC-tuning method.

Traditional chart benchmark evaluation. First, we evalu-
ate our model using traditional chart benchmarks: ChartQA
[44], Chart-to-text [21], Chart-to-table [44] and OpenCQA
[20]. The metrics we use are relaxed accuracy for ChartQA,
BLEU [51] for Chart-to-text, Relative Number Set Similar-
ity (RNSS) [44] and Relative Mapping Similarity (RMS)
[34] for Chart-to-table, and BLEU for OpenCQA.

Table 2 shows the evaluation results for traditional chart
benchmarks. Vicuna (IC-tuning) is our IC-tuned model,
which is Vicuna 7B tuned from stage 1 to 3. Vicuna (IC-
tuning) achieves the highest performance in Chart-to-table
and OpenCQA tasks, while demonstrating competitive per-
formance in ChartQA and Chart-to-text tasks.

For ChartQA, ChartAst [47] achieves the highest score
of 79.90, surpassing Vicuna (IC-tuning)’s score of 74.52.
This is likely because ChartAst utilizes a larger 13B lan-
guage model and generates step-by-step program functions
and arguments to calculate answers, similar to the Program-
of-Thoughts (PoT) approach [7]. In contrast, Vicuna (IC-
tuning) is trained on CoT-style Reasoning QA data, relying
solely on the language model’s capability rather than pro-
gram interpreters.

For Chart-to-text, Vicuna (IC-tuning) demonstrates com-
petitive performance, though it is not as high as expected.

6 Appendix H shows the prompts for generation.



Target modalities | Type | Example
Image Identification ‘What is the main object being displayed in the hands of the person in the image?
Image + Text Contextual relation | How does the image relate to the context provided by the Pew Research Center study on U.S. adult TikTok users?
Image + Text Purpose ‘Why is the image included in the document regarding the Pew Research Center study?
Chart Identification ‘What percentage of U.S. adult TikTok users reported that they find the videos on their “For You™ page “Somewhat” interesting?
Chart Comparison How does the percentage of users who find the content “Extremely” interesting compare to those who find it “Not at all” interesting?
Chart + Text Purpose ‘Why is the chart included in the document?
Text Identification What percentage of U.S. adults on TikTok have never posted a video, and how does this compare to the percentage that has posted videos publicly?
Text Reasoning ‘Why might TikTok users who have posted videos be more engaged with the platform compared to those who have not posted?
Text Summarization ‘What are the key findings from the Pew Research Center study on how U.S. adults use TikTok?
Table 1. The examples of each question types from ICT-QA
ChartQA Chart-to-text Chart-to-table OpenCQA
(RA) (BLEU) (RNSS | RMSp1)  (BLEU)
Model #Params | aug. human avg. Pew  Statista ChartQA OpenCQA
Pix2Struct[26] 282M | 81.60 30.50 56.00 10.30 38.00 - - -
Matcha[35] 282M | 90.20 38.20 64.20 - - - - -
Unichart[45] 201M 88.56 4392 6624 1248 38.21 94.01 91.10 14.88
ChartInstruct[46] 7B 87.76 4552 66.64 13.83 43.53 - - 14.78
ChartLlama[ 5] 13B 90.36 4896 69.66 1420 40.71 - - -
ChartAst[47] 13B 9390 6590 7990 1520 41.00 - 91.60 15.50
Vicuna (IC-tuning) | 7B | 90.32 5872 7452 1243 4275 9757 9277 17.65

Table 2. The evaluation results of traditional chart benchmarks. The top two performances for each benchmark are highlighted in bold
and underlined, respectively. For comparison with other models, the performance of Chart-to-text, Chart-to-table, OpenCQA is evaluated

after finetuning on each train split.

This may be due to the ground truths of the Chart-to-text
being very short and covering only a portion of the chart
without visual information. However, our model-generated
chart summarizations include visual information and pro-
vide a comprehensive explanation of the entire chart, which
may result in a lower BLEU score.

Furthermore, the BLEU metric have been demonstrated
to exhibit a low correlation with human evaluations, par-
ticularly in open-ended text generation tasks. In contrast,
G-Eval [40] has recently been widely adopted in various
studies for evaluating texts generated by LLMs [15, 22, 59].
Hence, we conduct an additional evaluation of chart com-
prehension using G-Eval.

Chart Summarization and OpenCQA evaluation using
G-Eval. For G-Eval, we employ two benchmarks: Chart
Summarization and OpenCQA. For the Chart Summariza-
tion task, we collect 140 charts from seven diverse sources’,
instead of using the Chart-to-text dataset, which only in-
cludes charts from Pew and Statista. Meanwhile, we use
OpenCQA, a benchmark already utilized in traditional chart
evaluations, because it has human-written questions.

For the Chart Summarization task, we evaluate the model

TThe charts are from Pew, Statista, OECD, OWID, PlotQA, Chartlnfo,
Data Aug., all of which are used in Unichart.
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| Chart Summarization OpenCQA
ChartLlama[15] 2.54 2.56
ChartAst[47] 3.28 3.81
Vicuna (IC-tuning) 3.85 4.11
- w/o unichart 3.14 3.54
- w/o stage 2 3.82 4.01
- w/o stage 3 341 3.65

Table 3. The evaluation result of Chart Summarization and
OpenCQA using G-Eval.

on the criteria of factual correctness, informativeness, and
fluency, while for the OpenCQA task, we assess it based on
the criteria of factual correctness, relevance, and ﬂuen(:y.8
We use a 5-point scale ranging from 1 to 5 for these criteria.
Table 3 shows the average values of three criteria for each
task, obtained by performing G-Eval five times.’

We compare Vicuna (IC-tuning) with other LLMs tuned
with ChartLlama and ChartAst, which shows great per-
formance on traditional chart benchmarks.!” Vicuna (IC-

8 A detailed description of the evaluation criteria is in the Appendix I.

9The scores for each criteria are shown in Table 14.

10ChartInstruct is also tuned LLM with chart instruction-following data.
However, we were unable to reproduce this model because it was not pub-
licly available.



tuning) shows the highest scores for both Chart Summa-
rization and OpenCQA tasks, with scores of 3.85 and 4.11,
respectively. This demonstrates that, unlike in traditional
chart benchmarks, our IC-tuning method is highly effective
not only in OpenCQA but also in Chart Summarization task.

Additionally, we conduct several experiments to validate
the effectiveness of the IC-tuning model architecture and
its training strategy. First, w/o unichart, where we use the
CLIP encoder instead of Unichart encoder, shows a signifi-
cant drop in performance.'' This suggests that the Unichart
encoder, pre-trained on diverse chart data, is more suitable
for chart understanding than CLIP encoder. Furthermore,
w/o stage 2 and w/o stage 3, where we omit each respective
training stage, also show a decrease in performance. No-
tably, w/o stage 3 shows a substantial performance drop,
indicating that visual-aware chart instruction following data
is crucial for chart comprehension performance.

Ablation studies on chart, image, and text modality com-
prehension. To verify the effectiveness of IC-tuning for
comprehending chart, image, and text modalities, we con-
duct ablation studies across various training scenarios us-
ing chart, vision, and language benchmarks, as shown in
Table 4. For the chart benchmark, we reuse the traditional
chart benchmark mentioned earlier, and the details of the vi-
sion and language benchmarks can be found in Appendix F.

In the continual learning scenario, we further train
LLaVA 7B with the chart instruction-following data of stage
2 to enhance its comprehension of the chart modality. For
this, CLIP Post-tuning uses a CLIP encoder for the chart
modality. In contrast, Unichart tuning utilizes a Unichart
encoder for the chart modality instead of the CLIP encoder.
In the end-to-end training scenario, we train Vicuna 7B
with a mixture of multimodal instruction-following data of
stage 2 to enhance its comprehension of the image and chart
modalities. For this, CLIP(image, chart) tuning uses a sin-
gle CLIP encoder to connect both chart and image modal-
ities to Vicuna. In contrast, CLIP(image), Unichart(chart)
tuning employs a CLIP encoder for the image modality and
a Unichart encoder for the chart modality. Note that we
fine-tune LLLM and projection layers in both scenarios.

In the continual learning scenario, the overall chart
benchmark performance of Unichart tuning surpasses that
of CLIP Post-tuning.  Additionally, the performance
degradation from LLaVA is smaller with Unichart tun-
ing compared to CLIP Post-tuning on vision and lan-
guage benchmarks, suggesting that Unichart tuning ex-
periences less catastrophic forgetting during the contin-
ual learning of LLaVA. In an end-to-end training sce-
nario, CLIP(image), Unichart(chart) tuning outperforms
CLIP(image, chart) tuning approach across all chart, vi-

1'We use the CLIP encoder from LLaVA-NeXT with the AnyRes tech-
nique [29].
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sion, and language benchmarks. This represents that
CLIP(image), Unichart(chart) tuning is less affected by
task interference across different modalities during multi-
task tuning on a mixture of multi-modal instruction follow-
ing data. Consequently, utilizing CLIP encoder for the im-
age modality and the Unichart encoder for the chart modal-
ity separately proves to be an effective model architecture
for maximizing performance across all modalities in both
scenarios.

4.3. Question answering over multi-modal contexts
evaluation

We evaluate our models on the test split of ICT-QA dataset
to assess its performance on QA tasks over multi-modal
contexts. We use GPT-40 to assess factual correctness, rel-
evance, and fluency.'?

The overall evaluation results are shown in Table 5.'° We
compare Vicuna (IC-tuning), Vicuna (IC-tuning + ICT-QA),
which is a model post-tuned with ICT-QA dataset after IC-
tuning, and LLaVA-NeXT-Interleave [30]. LLaVA-NeXT-
Interleave, fine-tuned on the M4-Instruct dataset, achieves
state-of-the-art performance on multi-image tasks. Since
treating charts as images makes ICT-QA similar to a multi-
image task, we select LLaVA-NeXT-Interleave as a com-
parison model.'*

The Chart QA score of Vicuna (IC-tuning) is 3.93, com-
pared to 3.75 for LLaVA-NeXT-Interleave. This suggests
that Vicuna (IC-tuning) benefits from its strong chart com-
prehension, thanks to IC-tuning. On the other hand, Vi-
cuna (IC-tuning) scores 3.34 in Image QA, lower than
LLaVA-NeXT-Interleave’s 3.71. LLaVA-NeXT [38], the
base model of LLaVA-NeXT-Interleave, uses higher resolu-
tion images with the AnyRes technique and is trained with
larger visual instruction-following data compared to IC-
tuning, possibly explaining why Vicuna (IC-tuning) scores
lower in Image QA. To compare the Image QA perfor-
mance of LLaVA with Vicuna (IC-tuning), considering that
LLaVA cannot process images and charts simultaneously,
we exclude the chart and use only the image and text as in-
put. In this configuration, LLaVA scores 3.92, and Vicuna
(IC-tuning) scores 3.97. These very similar scores indicate
that the IC-tuning method helps maintain Image QA perfor-
mance at a level comparable to LLaVA.

The average G-Eval score for Vicuna (IC-tuning + ICT-
QA) across all modalities is 4.30, which is significantly
higher than the 3.77 score of LLaVA-NeXT-Interleave. This
demonstrates that the ICT-QA dataset is highly effective
in improving the performance of all modality QAs within

12The prompts used for this evaluation can be found in Appendix L.3.

13The scores for each criterion on ICT-QA are shown in Table 15 of the
Appendix K.

14We intended to include ChartLlama and ChartAst in our evaluation,
but did not use them; they sometimes did not follow the instructions of
ICT-QA.



ChartQA Chart-to-text Chart-to-table OpenCQA Vision Language
(RA) (BLEU) (RNSS | RMSp1) (BLEU) | Benchmarks | Benchmarks
aug. human avg. Pew  Statista ChartQA OpenCQA Avg. Avg.
Continual learning
LLaVA 13.92 18.08 16.00 11.23 41.65 68.16 1.18 4.63 63.41 52.27
- CLIP post-tuning 61.36 3696 49.16 11.16 4150 9I1.11 43.10 13.41 59.87 48.64
- Unichart tuning 92.72 4696 69.84 1294 4334 97.11 91.62 14.23 62.22 50.23
End-to-end
Vicuna - - - - - - - - - 53.68
- CLIP(image, chart) tuning 63.04 3456 48.80 1220 41.53 92.08 44.44 13.17 61.88 53.02
- CLIP(image), Unichart(chart) tuning | 92.80 47.68 70.24 12.70 43.24 97.32 91.64 14.14 62.96 53.25

Table 4. The ablation studies on IC-tuning for Chart, Vision and Language benchmarks. For Chart-to-text, the performance is

evaluated after finetuning on train split.

Model | Image QA Image QA (w/o chart) Chart QA  Text QA | Avg.
LLaVA (Vicuna 7B) - 3.92 - - -
LLaVA-NeXT-Interleave (Qwen 7B) 3.71 - 3.75 3.84 3.77
Vicuna (IC-tuning) 3.34 3.97 3.93 4.02 3.77
Vicuna (IC-tuning + ICT-QA) 4.17 - 4.23 4.51 4.30
- w/o sp token, interleave 4.03 - 4.12 4.40 4.18

Table 5. The evaluation results on ICT-QA. The G-Eval scores are presented for each modality QA within a multi-modal context. In the
case of Image QA (w/o chart), it represents the score of Image QA when only the image and text are provided as input, excluding the chart.

| Image QA | Chart QA | Text QA
Single-modal QA ‘ Relevant Full Difference ‘ Relevant Full Difference ‘ Relevant Full Difference
Vicuna (IC-tuning) 3.81 3.31 0.50 4.05 4.04 0.01 4.26 4.02 0.24
Vicuna (IC-tuning + ICT-QA) 3.89 3.80 0.09 3.94 4.06 -0.12 451 4.51 0.00
Cross-modal QA ‘ Relevant Full Difference ‘ Relevant Full Difference ‘
Vicuna (IC-tuning) 4.19 3.36 0.84 3.94 3.71 0.22
Vicuna (IC-tuning + ICT-QA) 443 4.35 0.08 4.54 4.57 -0.04

Table 6. The ablation studies on ICT-QA for single-modal and cross-modal QA. “Relevant” denotes the performance when only the
relevant context is provided as input. “FULL” denotes the performance when full context is provided as input. For example, in the case of
image QA for single-modal QA, “Relevant” indicates when only image is given, while “FULL” indicates when the image, chart, and full
text are all given. “Difference” denotes the performance difference between “Relevant” and “FULL”. A smaller “Difference” indicates
that the model has a stronger ability to filter out irrelevant details and focus on the essential information.

multi-modal contexts. Additionally, the w/o sp token, inter-
leave model, where no special tokens to distinguish modal-
ities are used and modality embeddings are placed at the
front, shows an average performance of 4.18, slightly lower
than when these techniques are applied. This suggests that
these techniques positively impact performance.

In Table 6, we conduct ablation studies to analyze the
performance improvement attributed to ICT-QA for single-
modal and cross-modal questions. We compare the G-Eval
scores when only the relevant context, specifically the part
containing the answer to the question, is provided versus
when the full context is given.

Since the full context includes irrelevant information, a
smaller score difference between when the full context is

given and the relevant context is given indicates that the
model is more robust in identifying and focusing on the nec-
essary parts of the multi-modal context. These differences
for Vicuna (IC-tuning + ICT-QA) are significantly smaller
than those for Vicuna (IC-tuning) across all modality QAs,
including both single-modal and cross-modal questions.
This suggests that the ICT-QA dataset enhances the model’s
robustness to multi-modal contexts that include irrelevant
information.

Furthermore, when the full context is provided, the
scores of Vicuna (IC-tuning + ICT-QA) across all modal-
ity QAs, including both single-modal and cross-modal QA,
are higher than those of Vicuna (IC-tuning). This indicates
that the ICT-QA dataset contributes to the performance im-
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provement for both single-modal and cross-modal ques-
tions. Notably, in cross-modal QA, the scores of Vicuna
(IC-tuning + ICT-QA) in image QA and chart QA, at 4.35
and 4.57 respectively, show a particularly large performance
gap compared to Vicuna (IC-tuning), which scores 3.36 and
3.71. This highlights that the ICT-QA dataset is highly ef-
fective for cross-modal questions.

Error analysis. To identify the challenging aspects our
model faced, we analyze the results of Vicuna (IC-tuning
+ ICT-QA). The challenging examples, E1, E2, E3, and E4,
are shown in Figure 12 of Appendix C.

* Color recognition within charts Our model generally
performs well in color recognition as shown in D2 of the
Figure 3, which is provided in Appendix B.1, but occa-
sionally incorrectly recognizes colors within charts. As
shown in E1, while our model accurately recognizes the
value corresponding to the question, it provides an incor-
rect color for the line. This issue arises because ICT-QA
is generated by GPT-4V, which sometimes fails to accu-
rately interpret graphs with diverse colors or line styles.'”

* Uncommon types of charts Our model struggles to accu-
rately understand uncommon types of charts. In the case
of E2, the chart type differs slightly from the chart types
commonly used in the IC-tuning and ICT-QA datasets.
Although our model understands the intent of the ques-
tion, it provides incorrect values. Enhancing ICT-QA to
include a broader range of chart types could improve per-
formance in such cases.

* Factual errors Our model shows significant performance
improvements, but it still occasionally generates factually
incorrect statements. In the case of E3, while our model
accurately identifies the values intended in the question,
it generate incorrect comparison between them. Upon an-
alyzing the cause of this issue, we discovered that certain
chart-text pairs from the Unichart data [45] used terms
like “low”, “high”, “increase”, and “decrease” with re-
versed meanings. By filtering out such erroneous data,
these issues could potentially be addressed.

5. Limitations and Opportunities

¢ The quality of the chart instruction tuning data In IC-
tuning, we trained the model with a mixture of exist-
ing chart instruction-following data in stage 2 and with
our visual-aware chart instruction-following data in stage
3. A significant portion of these data was generated by
LLMs. Upon close examination, we found that while
most of the data is of high quality, some instances oc-
casionally contain errors. This is because LLMs can
sometimes produce hallucinations when generating chart

Shttps://platform.openai.com/docs/guides/vision/limitations
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instruction-following data. We believe that performance
can be improved by filtering out these erroneous data.

* Long sequence length of modality tokens For an image
and a chart, CLIP and Unichart encoders generates 576
and 900 tokens, respectively. Therefore, even if we only
use one image and one chart as input, the sequence length
reaches 1476 tokens. This could become a bigger issue in
future research if we use multiple images and charts as in-
puts. Therefore, it would be beneficial to explore methods
to reduce the token length during modality projection.

* The restricted styles of charts In IC-tuning, the chart
instruction-following data was collected from various
sources, including existing datasets such as Unichart and
ChartQA. The ICT-QA dataset, based on articles only
from the Pew Research Center, also includes various
types of charts (e.g., bar, line, pie). However, compared to
IC-tuning, it utilizes a more limited range of data sources,
resulting in relatively fewer chart styles. Building the
ICT-QA dataset based on a broader range of data sources
would be beneficial.

* The gap between the multi-modal contexts and real-
world scenarios In ICT-QA, the multi-modal contexts
includes up to one image and one chart, and does not ac-
commodate multiple images or charts. However, in real-
world scenarios, documents often contain multiple im-
ages and charts. Additionally, when training the ICT-QA
model, the position of images and charts is not consid-
ered. Future research should focus on incorporating mul-
tiple images and charts as well as their positions.

6. Conclusion

In this paper, we propose the IC-tuning method, which
includes the proposal of visual-aware chart instruction-
following data and a model architecture utilizing image
and chart-specific encoders. Through experiments, we ver-
ify that this approach improves chart comprehension per-
formance while minimizing the impact on image and lan-
guage comprehension. Furthermore, we propose the ICT-
QA dataset and show that tuning with this data improves
the quality of answers for single-modal and cross-modal
questions from multi-modal contexts. In future research,
we will focus on bringing our work closer to real-world ap-
plications. For example, we plan to expand multi-modal
contexts to include multiple images and charts within much
longer documents.
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