The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

Union Is Strength! Unite the Power of LLLMs and MLLMs for Chart Question
Answering

Jiapeng Liu'~, Liang Li'*, Shihao Rao'?, Xiyan Gao', Weixin Guan'?, Bing Li!, Can Ma'

IInstitute of Information Engineering, Chinese Academy of Sciences, Beijing, China
2School of Cyber Security, University of Chinese Academy of Sciences, Beijing, China
{livjiapeng,liliang } @iie.ac.cn

Abstract

Chart Question Answering (CQA) requires models to per-
form chart perception and reasoning. Recent studies driven
by Large Language Models (LLMs) have dominated CQA.
These include employing more cognitively capable LLMs for
indirectly reasoning over transformed charts, i.e., tables, and
directly perceiving charts utilizing Multimodal Large Lan-
guage Models (MLLMs) with a wider perceptual range. Yet,
they often encounter bottlenecks due to the limitation of the
receptive field of LLMs and the fragility of the complex rea-
soning of some MLLMs. To unite the strengths of LLMs and
MLLMs to complement each other’s limitations, we propose
SYNERGY, a framework that unites the power of both mod-
els for CQA. SYNERGY first unites the chart with a table as
the augmented perceptual signal. Next, it unites LLMs and
MLLMs, scheduling the former to decompose a question into
subquestions and the latter to answer these by perceiving the
chart. Lastly, it operates LLMs to summarize the subquestion-
answer pairs to refine the final answer. Extensive experimen-
tal results on popular CharQA and PlotQA benchmarks reveal
that, with the power of union, SYNERGY outperforms strong
competitors and achieves superior boosts over naive MLLMs
by uniting them with a smaller LLM.

Code — https://github.com/liuJP2/Synergy

Introduction

Chart Question Answering (CQA) is a vital task in visual
data analysis, serving a significant role in scientific research
and business decision-making. It requires models to pos-
sess visual perception abilities to handle information-rich
charts and excel in multimodal reasoning, including arith-
metic and logical operations. Previous works (Masry et al.
2023; Cheng, Dai, and Hauptmann 2023) primarily focus on
training or fine-tuning chart-specific models to achieve these
abilities on charts. Recent studies (Baechler et al. 2024; Car-
bune et al. 2024) further enhance these abilities, effectively
demonstrating reasoning on charts for more straightforward
questions, but their performance significantly lags when ad-
dressing more complex questions.

Recently, Large Language Models (LLMs) (Touvron et al.
2023; Bai et al. 2023a; Dubey et al. 2024) have garnered
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Figure 1: Prompting LLMs (a) and MLLMs (b) to perceive
and reason on their respective sensory sources.

substantial attention due to their exceptional capabilities in
understanding and reasoning with textual data. These capa-
bilities inspire many efforts to explore how LLMs can be
utilized to overcome challenging problems in multimodal
tasks, e.g., CQA. Some studies (Liu et al. 2022a; Xia et al.
2023) involve leveraging the concept of textual conver-
sion, wherein visual charts are converted into textual ta-
bles that LLMs can process, as shown in Figure 1(a). Ad-
ditionally, other studies (Team et al. 2023; Han et al. 2023;
Lu et al. 2024) devise Multimodal Large Language Models
(MLLMs), which use LLMs as the brain and incorporate vi-
sual cues processing capabilities to directly conduct reason-
ing on charts, as shown in Figure 1(b). These MLLMs gen-
erally equip an LLM with a visual encoder then bridge them
with a mapping matrix. They undergo multi-stage training
to align features across different modalities, endowing the
LLM to perform reasoning on multimodal inputs.

However, the inherent limitations of LLMs and MLLMs
may result in performance bottlenecks. Specifically, LLMs’
receptive field is limited to perceiving only textual tables



converted from charts. Nevertheless, the representation of
tables is limited and suffers from information loss. Because
current chart-to-table conversions usually focus on extract-
ing and organizing numerical information. Consequently,
high-value information, e.g., color features and spatial rela-
tionships , is challenging to be expressed in a table. As seen
in Figure 1 (a), the loss of critical visual cues constrains the
inference performance of the LLM. Some MLLMs built on
LLMs are typically less capable of reasoning than the
corresponding native LLMs (Driess et al. 2023; Wang
et al. 2023b). Specifically, there are significant differences
in the training data distribution between MLLMs and the
LLMs on which they are based. Moreover, most of them usu-
ally adopt a forced alignment strategy during training (Wang
et al. 2023b). These two factors cause MLLMs to be more
prone to potential misalignments and hallucinations when
performing complex reasoning. Additionally, the reasoning
chain of some MLLMs may be fragile (Fu et al. 2024), un-
dermining the reliability of their reasoning processes. As
shown in Figure 1 (b), despite having correct intermediate
perceptions, MLLMs still draw wrong conclusions due to
inconsistent reasoning. This observation is consistent with
Fu et al. (2024).

LLMs excel in textual reasoning (cognition ability), while
MLLMs have a broader perceptual scope (perception abil-
ity). Can they complement each other’s strengths? Inspired
by this, we propose SYNERGY, a framework that unites the
power of cognitive and perceptive abilities from two kinds of
models to achieve more accurate chart question answering.
The critical insight of SYNERGY is to decompose the CQA
into stages, each taking different signals to adopt the advan-
tages of LLMs and MLLMs while avoiding their shortness.
Specifically, SYNERGY first uses the existing chart2table
method to extract table contents from the charts. A chart and
its corresponding table are combined as an augmented per-
ceptual signal. This is motivated by our observation that ta-
bles can provide more accurate numerical information than
charts, while charts can provide more intuitive visual cues.
This combination will make MLLMs perceive more accu-
rately and robustly. Next, SYNERGY utilizes LLMs with
more powerful cognitive ability to decompose a complex
question into several simpler subquestions. The insight is
that MLLMs are not as good as LLMs at handling com-
plex questions. Then, SYNERGY employs MLLMs to an-
swer simpler subquestions. It can not only avoid the loss of
information caused by chart transitions (boosting) but also
cover up the problem of its weak reasoning ability (avoiding
shortness). In particular, augmented perceptual signals are
input to MLLMs to obtain more accurate answers for sub-
questions in this stage. In the last stage, SYNERGY operates
LLMs to summarize and refine the subquestion-answer pairs
to arrive at the conclusive answer for the complex question.

Our contributions are summarized as follows:

* We propose a novel CQA framework SYNERGY, which
unites the power of cognitive and perceptive abilities of
LLMs and MLLMs to achieve better performance.

* We conduct extensive experiments on two popular
benchmarks, ChartQA and PlotQA-sub, to verify the va-
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lidity of the proposed SYNERGY. The experimental re-
sults show that SYNERGY performs substantially better
than strong competitors.

* We show excellent compatibility and effectiveness in
uniting the cognition ability of LLMs and the percep-
tual ability of MLLMs. Even though only a 8B LLM in
SYNERGY, it significantly boosts the performance of the
naive MLLMs. That is, union is strength!

Related Work

Chart Question Answering (CQA) (Hoque, Kavehzadeh,
and Masry 2022) aims to achieve understanding and analysis
of charts by posing complex queries. Recent works (Masry
et al. 2022; Chen et al. 2023; Masry et al. 2023) have incor-
porated transformers to capture complex visual and textual
information for answering questions. These models provide
efficient solutions but are typically smaller in scale.

Large Language Models (LLMs) (Brown et al. 2020;
Ouyang et al. 2022) have shown impressive performance in
few-shotscenarios. Researchers (Liu et al. 2022a; Xia et al.
2023) have explored applying LLMs to CQA by converting
charts to tables and incorporating them into questions and in-
context examples as prompts for LLM input. However, this
conversion often results in the loss of visual cues, such as
underlying trends and chart-specific features, which hinders
the LLMs’ reasoning capabilitiecs. PROMPTCHART (Do
et al. 2023) proposes adding extra textual visual cues, such
as color, to the table. DOMINO (Wang et al. 2023a) lever-
ages prompt engineering and fine-tuning strategies to en-
able LLLMs to decompose questions and then prompts an
additional fine-tuned DEPLOT to answer these subques-
tions. Compared with this, SYNERGY differs in two main
aspects. First, SYNERGY requires no additional training or
fine-tuning. Additionally, SYNERGY further refines and ver-
ifies the final answers obtained, which helps reduce the hal-
lucination and improve the results’ reliability.

Meanwhile, the emergence of Multimodal Large Lan-
guage Models (MLLMs) offers new solutions for multi-
modal tasks like CQA. Some studies (Bai et al. 2023b; Zhu
et al. 2023; Liu et al. 2023; Zhang et al. 2023) involve us-
ing vision encoders like ViT (Dosovitskiy et al. 2021) to
process visual information and structures like Q-former (Li
et al. 2023) to align visual and textual information, which
are then input into pre-trained LLMs. Through multi-stage
training, LLMs retain semantic understanding while gain-
ing the ability to directly perceive information from mul-
timodal inputs. Some closed-source MLLMs (Team et al.
2023; Achiam et al. 2023) have already developed compre-
hensive chart understanding abilities. Recent studies (Driess
et al. 2023; Wang et al. 2023b) point out that some MLLMs
exhibit weaker reasoning abilities compared to their un-
derlying LLMs, especially with natural language questions.
For instance, increasing the scale of PaALM-E (Driess et al.
2023) reduces catastrophic forgetting of language capa-
bilities relative to PaLM (Chowdhery et al. 2023). Simi-
larly, CogVLM (Wang et al. 2023b) shows that training
an MLLM’s language component on multimodal data can
rapidly degrade its performance on pure text tasks.
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SYNERGY

The architecture of our SYNERGY is depicted in Figure 2. It
unites the power of LLMs and MLLM:s for reasoning and an-
swering on the chart in four stages: Perceptual Signal Aug-
mentation, Question Decomposition, Perception Enhance-
ment and Summary Verification.

Perceptual Signal Augmentation

Compared with coarse-grained content perception, e.g., leg-
end, precise and fine-grained content extraction, e.g., numer-
ical value, is highly dependent on the perception ability of
MLLMs. This makes the reasoning and answer accuracy for
numerical values more sensitive to the perception ability of
MLLMSs. We notice that the chart contains intuitive visual
cues, while the table provides more readily accessible, ac-
curate numerical data. We hypothesize that tables and charts
can complement each other’s strengths. This is further con-
firmed in the Ablation Study section.

Therefore, we augment the single chart perceptual source
with a corresponding table. Specifically, with chart C, SYN-
ERGY uses a chart2table model to transform C into table 7,
which is then transformed into a JSON-formatted table 7.
We then augment C with 7T;, to generate the augmented per-
ceptual signal, abbreviated as au-signal.

Question Decomposition

Handling long reasoning chains for complex questions is
more challenging for MLLMs. Therefore, we utilize the cog-
nitive ability of LLMs to reduce the complexity of these
questions.

Given a question Q, SYNERGY prompts an LLM as a de-
composer to parse Q. While creating more examples via
few-shot learning to encourage decomposition is feasible,
we observed that LLMs tend to decompose questions into
their most minor semantic units, which may not necessar-

Algorithm 1: Cross-Perceive

Input: au-signal and subquestions Qs
Output: perception and reasoning path subg,
1: Initialize index =0
2: Initialize a dictionary list subgq
3: for ¢, in Qsup do

4:  iflen(Quup) == 1 then ,

5: CurrentP = Tsimpleq(au-signal, ¢7. ;)

6: else if index != (len(Qsup) -1) then )

7: CurrentP = Tintermediate(au-signal, g7, ,)
8: else ]

9: CurrentP = Tgpai(au-signal, subga, ¢7,,;)
10: end if

11: ans?, . = perceptgalleasqner(CurrentP)
12: subgq.appened({q?,,,, ans? .}

13: index +=1

14: end for

15: return au-signal and subquestions Qs

ily match the actual most minor semantic units. For exam-
ple, ’percentage” is broken down into “number” and ’’ra-
tio,” whereas the chart directly presents various percentage
categories. Therefore, we use the row-column table headers
Tieader as the basis for decomposition, which provides a
list of the minor units of the chart (e.g., x-labels):

Qsub = decompOSer('E];eader’ 0, Ctdec) (1)

where Ot is a typical in-context learning paradigm that
involves prepending a fixed one-shot to the current prompt,
containing a manually crafted ¢7¢*?“" and four (g, qsus)
pairs. Each sub-question in Qs can be separated by line
breaks and finally formatted as a list {gl,;, %5 - @"up }-

Please refer to supplementary technical appendix for more
details of Ct?ec,
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Perception Enhancement

SYNERGY unites an MLLM with a broader perceptual
scope, acting as a perceptual reasoner to robustnessly cross-
perceive au-signal to address each simpler subquestion
within Qgyp.

As presented in Algorithm 1, SYNERGY first determines
the complexity of Qg,; based on its length, thereby using
different forms of prompting to activate the MLLM’s per-
ception ability of au-signal. Specifically, SYNERGY consid-
ers the Q,,;, with only one element as a simple query and
directly employs the Tgimpleq template with CoT (Wei et al.
2022) for perceptual reasoning:

. TsimpleQ
{a‘uislgna‘lchart }
Here is the chart and its associated table

to answer this question.
explanation first,
step by step.
table in JSON format: {auf81gnaLns}
0: {Q}

the final short answer should start with

Please provide your
then answer the question

"the

answer is ".

When s, contains multiple decomposed subquestions,
SYNERGY considers () to be a complex query involving
multi-step perception and reasoning. For each subquestion

in{q’, | j € [1,n—1]}, SYNERGY prompts the perceptual
reasoner to generate ans’, , where j € [1,n — 1] by using

iFintcrnlcdiatc:

. Tintcrmcdiatc
{au_SIgnalchart }

Analyze the chart and review the table, then
answer the following questions. Additionally,
if the table contains untrusted values, get the

relevant values from chart.
here is the table in JSON format:{au—SignaLEQ}

Q: {qzub}

Then, SYNERGY uses Ty, to prompt the perceptual rea-
soner to review the previous explicitly reasoning path
{subl, | j€l,n— 1]} and to provide a preliminary answer
for the n-th subquestion:

. ITﬁnM
{au-signal ;,,,+}
Analyze the chart to answer the question no
more than three words.
Part of the analysis results of the chart are
provided below.
table and some sub-QA pairs(the table and
sub-QA pairs are not guaranteed to be exactly

You can refer to the chart,

right)
Additionally, if the table contains untrusted
or Nan values,

to get the final answer.

get the relevant values from
chart.

This is a table in JSON format: {au—signaLns}
sub-QA pairs for the chart:

{subga | j € [1,n — 1]}

Q: {qZub}

a short answer is:
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Summary Verification

When tackling complex queries, the long inference chain
of MLLMs, is prone to producing inconsistent inference re-
sults. Even if there is a correct inference process, the MLLM
may produce wrong conclusions. Considering that LLMs
are better at cognizing and reasoning, SYNERGY schedules
an LLM as the verifier to correct the preliminary answer of
these complex questions based on the intermediate percep-
tual and reasoning path:

Afinal = Veriﬁer(squa7 Ctver) (2)

where sub,, represents the perception and reasoning path
generated by the perceptual reasoner. CtV¢" refers to K-shot
in-context examples, each of which comprises a set of arti-
ficially designed sub-qa pairs and a verification process tai-
lored to the preliminary answer. Please refer to supplemen-
tary technical appendix for more details of CtV°".

Experimental Setup
Datasets and Metrics

We evaluate SYNERGY on the following two public datasets:
ChartQA (Masry et al. 2022) is divided into two sets: aug-
mented and human. The former is synthetically generated,
while the latter consists of queries written by humans, ex-
hibiting greater complexity resembling real-world scenarios
and requiring advanced reasoning abilities.

PlotQA (Methani et al. 2020) is an extensive dataset of
machine-generated questions, divided into V1 and V2 sets.
V1 focuses on chart-specific details, while V2 emphasizes
numerical reasoning. Due to PlotQA containing millions of
QA pairs for testing and the limitations on computing re-
sources, conducting experiments on full PlotQA incurs time
expenditure and monetary costs. Therefore, we randomly
(seed=123) selected 1500 samples from V1 and 2500 sam-
ples from V2 of the test set to create the PlotQA-sub for
experimentation.

Following the previous works (Masry et al. 2022; Liu
et al. 2022b) evaluated on these datasets, we use standard
accuracy with a relaxed correctness criterion that permits a
maximum 5% tolerance on numerical error.

Baselines

We compare our approach with previous strong competitors,
categorized as follows:

Chart-specific Models , methods involving training
and fine-tuning models specifically for charts, including
Unichart (Masry et al. 2023), Chart2Table PT PaLI-3 (Car-
bune et al. 2024) and ChartPalLI-5B (Carbune et al. 2024) .
LLMs-based Methods, approaches that use LLMs to com-
plete tasks on tables. We use DEPLOT+FlanPalLM (540B)
CoT (Liu et al. 2022a), PROMPTCHART (Do et al. 2023),
DOMINO (Wang et al. 2023a) . Additionally, we also use
DEPLOT+LLaMA3-Instruct (8B), DEPLOT+Gemini-Pro,
and DEPLOT+GPT-4, which are implemented by us, em-
ploying 6-shot+CoT .

MLILMs-based Methods, methods that prompt MLLMs to
perform reasoning on charts. We select several MLLMs with



ChartQA PlotQA-sub
MODEL human augmented avg. Vl(comem perception) V2(numerical reasoning) avg.
Chart-specific Models
UniChart (Masry et al. 2023) 43.92 88.56 66.24 - - -
Chart2Table PT PaLI-3 (Carbune et al. 2024) 48.96 92.72 70.84 - - -
ChartPalLI-5B (Carbune et al. 2024) 60.88 93.68 77.28 - - -
LLMs-based methods
DEPLOT+FlanPalLM(540B) CoT (Liu et al. 2022a) 57.80 76.70 67.30 - - -
DEPLOT+LLaMA3-Instruct (8B, 6-shot+CoT) * 58.24 76.29 67.27 - - -
DEPLOT+Gemini-Pro (6-shot+CoT) T 58.64 81.29 69.97 - - -
DEPLOT+GPT-4 (6-shot+CoT) 65.92 84.11 75.54 - - -
PROMPTCHART (Do et al. 2023) 63.20 81.44 72.32 - - -
DOMINO Fipe-tuned DEPLOT+LLaMA2—70B (Wang et al. 2023a)  61.70 91.70 76.70 - - -
MLLMs-based methods
LLaVA-V1.5(13B)" (Liu et al. 2024) 20.96 19.03 20.00 22.53 6.00 14.27
LLaVA-V1.5(13B, fine-tuned on chart) (Han et al. 2023) 37.68 72.96 55.32 - - -
ChartLLaMA((fine-tuned on chart) (Han et al. 2023) 48.96 90.36 69.66 - - -
Gemini-Pro-Vision' (Team et al. 2023) 62.27 77.90 70.09 42.71 16.96 29.83
Qwen-VL-Plus (Bai et al. 2023b) 50.88 83.06 66.97 39.40 9.40 24.40
GPT-4V+CoT (Islam et al. 2024) 72.64 66.32 69.48 - - -
Ours (SYNERGY perceptual-reasoner + decomposer&verifier )
SYNERGY LLaVA-V1.5(13B)+LLaMA3-8B 48.96 10500 8597 16604 6746 14746 40.76 11503 38.32 15030 39.54 105 07
SYNERGY LLaVA-V1.5(13B)+ Gemini-Pro 5216 43100 8742 46330  69.79 tu0.76 4175 119.00 40.88 13488 41.31 127.04
SYNERGY LLaVA-V1.5(13B)+ GPT-4 54.66 13370 87.10 463.07  70.88 15085 44.07 12154 41.96 +35.96 43.01 10874
SYNERGY Gemini-Pro-Vision + LLaMA3-8B 63.76 1 19 85.24 1+ 4 74.50 14.41 53.12 4104 43.84 196 55 48.48 +15.65
SYNERGY Germini.Pro.Vision + Gemini-Pro 66.64 115 8548 .15 760650 55311150 4522 05 05 50.26 -5 1
SYNERGY Gemini-Pro-Vision + GPT-4 67.20 1.93 85.89 +7.99 76.54 16.45 56.50 13.79 45.20 105 1 50.85 +91.02
SYNERGY Qwen-VL-Plus+GPT-4 65.22 41432 90.81 4775 78.01 y11.04 5474 115.34 44.28 134 88 49.51 12511

Table 1: Main experimental results on ChartQA and PlotQA-sub test benchmarks. “perceptual-reasoner + decomposer&verifier”
refers to the MLLMs used for visual perception and the LLMs used for question decomposition and reasoning verification in
SYNERGY. Results marked with “T” are our reimplements in this paper, with the detailed exposition in supplementary technical
appendix. The different colors are used to indicate the performance improvement of these MLLMs incorporated in SYNERGY

relative to the original performance.

varying levels of chart comprehension, including LLaVA-
V1.5 (13B) (Liu et al. 2024), Gemini-Pro-Vision (Team et al.
2023), Qwen-VL-Plus (Bai et al. 2023b), GPT-4V+CoT (Is-
lam et al. 2024), and a model specifically fine-tuned for
charts, ChartLLaMA (Han et al. 2023).

Implementation Details

We utilize DEPLOT (Liu et al. 2022a) as the chart2table
model. Additionally, we equip SYNERGY with a variety of
combinations of MLLMs and LLMs. For perceptual rea-
soners, we select LLaVA-V1.5 (13B), Gemini-Pro-Vision,
and Qwen-VL-Plus. For both decomposers and verifiers, we
chose LLaMA3-Instruct (8B), Gemini-Pro (v1.0), and GPT-
4 (gpt-4-1106-preview). We set the temperature to 0 for all
models except for Qwen-VL-Plus, for which we set top_p to
0.001 and top_k to 1. By default, we use 6-shot for verifiers
to perform in-context learning. Please refer to supplemen-
tary technical appendix for more details.

Experimental Results
Main Results

Table 1 summarizes the experimental results on CharQA
and PlotQA-sub. We demonstrate SYNERGY’s superiority
by comparing and analyzing in the following three aspects.

Compared to naive MLLMs SYNERGY takes full advan-
tage of their wider perceptual range while utilizing LLMs to
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compensate for their weaker cognitive ability. Moreover, it
shows surprising compatibility and generalization in the se-
lection of LLMs. Specifically, for the LLaVA-V1.5, which
is weak in chart perception, SYNERGY significantly im-
proves its CQA accuracy, regardless of the cognitive level
of the LLMs it collaborated with. Notably, SYNERGY im-
proves LLaVA-V1.5 on the ChartQA and PlotQA datasets
by +50.88% and +28.74%, when taking GPT-4 as the de-
composer and verifier.

Further, we observe that, with the MLLM’s parame-
ters unchanged, either fine-tuning LLaVA-V1.5 directly on
Chart QA data or using more chart-related training data
such as ChartLLaMA to enhance their chart perception,
none have advanced beyond SYNERGY. Although SYN-
ERGY only unites LLama3-Instruct (8B) and LLaVA-V1.5,
it performs far better on the ChartQA (67.46%) than the
fine-tuned LLaVA-1.5 (55.32%). It is also competitive with
ChartLlama (69.66%), which spends more on computing
and data resources.

Lastly, though the MLLMs have further improved in pa-
rameters and data, their chart question-answering capabil-
ity still needs to catch up with the proposed SYNERGY.
For example, SYNERGY exceeds Gemini-Pro-Vision on the
ChartQA by +4.41% ~ +6.45% and on the PlotQA-sub
set by +18.65% ~ +21.02%. When uniting the powerful
GPT-4, SYNERGY improves Qwen-VL-Plus by an astonish-
ing +11.04% and +25.11% on both datasets, respectively.

To sum up, even though MLLMs enhance the chart per-



MODEL ChartQA
perceptual reasoner  au-signal decomposer verifier human augmented avg.
- - - 22.40 20.46 21.43
v - - 47.29 77.74 62.52
LLaVA-VI5(13B) v S 271 7759 65.15
v v v 57.38 77.22 67.30
- - - 61.15 71.94 66.54
Gemini-Pro-Vision v - - 63.85 77.32 70.59
v v - 63.54 77.43 70.48
v v v 66.49 77.42 71.96

Table 2: Ablation study of SYNERGY on ChartQA validation set. GPT-4 is utilized as the decomposer and verifier.

ception by boosting the size and data, their cognitive ability
is still a bottleneck, which may stem from current alignment
technologies (Wang et al. 2023b).

Compared to LLM-based methods Thanks to the bet-
ter perceptual ability, SYNERGY can more comprehensively
complete complex reasoning on charts than LLMs. By unit-
ing different MLLMs, SYNERGY can achieve comparable
or better performance than LLM-based methods. For in-
stance, we find SYNERGY 1,L,aVA-V1.5(13B)+LLaMA3-8B only
improves the LLaMA-based method (67.27%) by +0.19%.
This may be because, in this setup, the CQA bottleneck is
not only due to a lack of cognitive ability but also percep-
tion. As we expected, when equipping LLaMA3-Instruct
with the more powerful perceptual reasoner, Gemini-Pro-
Vision, SYNERGY achieves an average accuracy improve-
ment of +7.23%. Even when compared to the stronger cog-
nitive model GPT-4, SYNERGY improves its average accu-
racy on the ChartQA test set by up to 2.47%.

The above results also indicate that extracting informa-
tion from tables with inadequate chart representation leads
to performance bottlenecks in reasoning, even when addi-
tional visual cues are included (such as color) or when using
more cognitive LLMs, e.g., Gemini-Pro and GPT-4.

On the other hand, DOMINO, which uses additional fine-
tuned LLMs to guide fine-tuned DEPLOT in answering
questions, performs better on the augmented set than our
SYNERGY Gemini-Pro-Vision + LLaMA3-8B- One Primary rea-
son is that DOMINO, which leverages prompt engineering
and fine-tuning strategies, learns more effectively from the
augmented set with simpler questions. In contrast, SYN-
ERGY has yet to undergo similar supervised fine-tuning.
However, on the human set, which includes more com-
plex questions, our SYNERGY demonstrates stronger per-
formance (63.76% vs. 61.7%). When incorporating larger
LLMs like Gemini-Pro, SYNERGY shows even better results
on the human set (66.64% vs. 61.7%).

Compared to Chart-specific Models Our SYNERGY
demonstrates remarkable performance advantages on the
ChartQA dataset, particularly in scenarios requiring com-
plex multi-step reasoning, such as human set. In contrast,
chart-specific models perform better on the augmented set,
which contains more straightforward questions. We attribute
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this to the fact that these smaller-scale models excel at learn-
ing what is required for simple perceptual reasoning on
charts but struggle with reasoning on charts involving com-
plex queries that encompass intricate semantic information
and require multi-step computational reasoning.

To sum up, SYNERGY has excellent flexibility, compati-
bility, and generalization, proving our motivation that union
is strength.

Ablation Study

In this section, we conduct experiments to investigate the
contributions of various components within SYNERGY. To
mitigate the potential ablation bias introduced by a single
model, we choose two MLLMs with different perceptual ca-
pabilities and regard their performance based on CoT (Wei
et al. 2022) as baselines for comparison. The results are sum-
marized in Table 2.

Specifically, we first explore the function of the aug-
mented perceptual au-signal. As can be seen, the accuracy
of both MLLMs is significantly improved with the table sig-
nal as an extra input besides the chart. Moreover, the argu-
ment signal boosts LLaVA-V1.5 (averaged +41.09%) more
significantly than Gemini-Pro-Visison (averaged +4.05%),
where the former is far less perceptive. The observation ver-
ifies our hypothesis that tables and charts can complement
each other’s strengths: the former provides more accurate
numerical information, and the latter provides more intuitive
visual cues. The unity of the two signals compensates for the
shortcomings of perception by MLLMs.

After the introduction of the decomposer, LLaVA-V1.5
experiences a substantial performance boost, whereas the
impact on Gemini-Pro-Vision is comparatively less pro-
nounced. We attribute this to the fact that larger MLLMs
are typically built upon LLMs with more advanced cognitive
capabilities. These larger models benefit from their superior
semantic understanding and reasoning abilities, which en-
able them to perform extended chains of reasoning more ef-
fectively and independently.

Finally, as the verifier is introduced, both MLLMSs’ per-
formance is further enhanced. This improvement can be at-
tributed to the cognitive capabilities of LLMs, which allow
them to summarize the reasoning chain of MLLMs and iden-
tify, as well as correct, errors resulting from inconsistent or
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Figure 3: Performance variation on the ChartQA validation
set by equipping LLaVA-V1.5(13B) with different combina-
tions of LLMs as verifiers and decomposers.
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Figure 4: Token usage on ChartQA validation set with
LLaVA-V1.5(13B) using different LLMs as decomposers
and verifiers.

flawed reasoning processes.

Further Analysis

Effect of LLMs Across Roles We explore the decom-
poser’s and the verifier’s importance by changing the LLMs
behind them. Considering the expensive costs of Gemini-
Pro-Vision and Qwen-VL-Plus, we utilize the open-source
LLaVA-V1.5 (13B) as the perceptual reasoner. Figure 3
shows the performance variation. It can be observed that the
scale of LLMs is positively correlated with the SYNERGY
performance, where the scale of LLMs driving decomposer
makes a more significant impact on the result. Compared to
using LLaMA3-Instruct (8B) and GPT-4 as the decomposer
and verifier, switching their roles provides higher benefits
for SYNERGY. We attribute this to the fact that the decom-
poser influences the verifier’s summarization and verifica-
tion capabilities. Smaller decomposers may generate low-
quality subquestions, which lead the perceptual reasoner to
produce incorrect sub-answers. Even if the verifier is large-
scale, refining accurate answers from unreliable intermedi-
ate perceptual results is challenging.

Token Usage of LLMs Figure 4 shows the token usage of
different LLMs. We find that taking smaller LLMs as the de-
composer results in higher output token usage. In contrast,
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Figure 5: Performance trend on the ChartQA validation set
with K-shot for the same decomposer (GPT-4) with different
Verifiers.

the disparity in output token usage among LLMs of different
scales in the verifiers is negligible. This can be attributed to
the limited ability of smaller LLMs to maintain output qual-
ity in contexts with limited information, resulting in the gen-
eration of unnecessary subquestions. Additionally, we note
that the input token usage results of LLaMA3-Instruct and
GPT-4 for identical inputs are highly similar. Lastly, utiliz-
ing GPT-4 as the decomposer paired with the open-source
LLaMA3-Instruct as the verifier results in the lowest com-
putational overhead (lowest GPT-4 API call) for the pro-
posed SYNERGY and achieves performance comparable to
Gemini-Pro-Vision (66.21% vs 66.54%).

Effect of Few-Shot Settings For Verifier We also explore
the impact of different numbers of in-context examples on
the prompt verifier’s summarization and verification when
using the powerful GPT-4 decomposer. We set LLaVA-V1.5
as the perceptual reasoner and the experimental results are
shown in Figure 5. It can be seen that LLMs with stronger
reasoning or cognitive ability require fewer examples to
achieve performance convergence. Performance fluctuations
occur as the number of in-context examples (K) increases,
but the variation is never more than 0.5%. For the smaller
LLaMA3-8B, performance improves with the number of
shots increases, leveling off at 9-shot with an accuracy of
66.62%, which is only —0.68% lower than Gemini-Pro and
GPT-4. This indicates that smaller open-source LLaMA3-
Instruct can achieve high performance while reducing com-
mercial API call costs by adding more in-context demonstra-
tions. However, it also incurs the cost of manually designing
contextual demonstrations.

Conclusion

This paper proposes a framework called SYNERGY for
chart question-answering (CQA). This framework unites the
cognitive capabilities of LLMs and the perception abili-
ties of MLLMs by decomposing CQA into stages. The ex-
tensive experiments on ChartQA and PlotQA-sub datasets
confirm that SYNERGY outperforms other strong competi-
tors. Extensive experimental results and detailed analyses
demonstrate that effectively uniting the power of LLMs and
MLLM:s can significantly improve the accuracy of CQA.
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