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Fig. 1: ENCQA charts vary across tasks and encodings. Associated questions focus on the visual mapping used to encode the data,
for example in the FIND ANOMALY task with the AREA encoding: “Which circle is an outlier relative to the rest in terms of area?”

Abstract—Multimodal vision-language models (VLMs) continue to achieve ever-improving scores on chart understanding benchmarks.
Yet, we find that this progress does not fully capture the breadth of visual reasoning capabilities essential for interpreting charts. We
introduce ENCQA, a novel benchmark informed by the visualization literature, designed to provide systematic coverage of visual
encodings and analytic tasks that are crucial for chart understanding. ENCQA provides 2,076 synthetic question-answer pairs, enabling
balanced coverage of six visual encoding channels (position, length, area, color quantitative, color nominal, and shape) and eight tasks
(find extrema, retrieve value, find anomaly, filter values, compute derived value exact, compute derived value relative, correlate values,
and correlate values relative). Our evaluation of 9 state-of-the-art VLMs reveals that performance varies significantly across encodings
within the same task, as well as across tasks. Contrary to expectations, we observe that performance does not improve with model
size for many task-encoding pairs. Our results suggest that advancing chart understanding requires targeted strategies addressing
specific visual reasoning gaps, rather than solely scaling up model or dataset size.

Index Terms—Visual encodings, visualization understanding tasks, machine chart understanding, vision-language models, model
benchmarking
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Chart understanding has emerged as a key target for multimodal Al
systems with frontier generative model releases [5, 50, 63] being ac-
companied by at least one benchmark score on a chart-focused dataset
[25,43,77]. The complex nature of chart understanding — requiring
visual perception, abstraction, and reasoning — makes it a natural can-
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didate to test the limits of models. Beyond serving as a benchmarking
task to assess multimodal reasoning, chart understanding is an ability
worth improving in Al systems for practical purposes. Just as data visu-
alizations themselves are tools that help us communicate information
by leveraging visual features to efficiently encode vast data tables, so
too can Al systems be thought of as tools that help researchers better
understand, interact with, and generate visualizations that effectively
communicate intended messages [65,72]. A fundamental condition
preceding such use of Al systems for visualization understanding is that
their ability to reason about charts should be human-aligned. That is,
models should be able to decode information that has been encoded us-
ing common visual channels — position, length, color, area, and shape.
These channels have been shown to be effective for communicating
data in visual formats [8, 16]. We refer to this ability to effectively use
the visual channels and encodings present in charts to make inferences
about the information in the chart as visual reasoning.

While present chart understanding benchmarks consist of a mix of
synthetically generated and web-scraped charts annotated with human-
made questions, none of these datasets are created in a manner that
allows us to fully isolate the visual reasoning component of chart
understanding, especially with regard to the use of encoding channels
vs. text annotations in charts. And while researchers have taken aim
at generating datasets for testing visual reasoning in a targeted manner
[26,29,39,77], they often do not contain the kinds of visual encodings
and tasks identified in the visualization literature as critical for data
visualization purposes [8,49].

In this paper, we address this critical gap by introducing ENCQA, a
benchmark tailored to evaluate chart understanding under a variety of
visual encodings and tasks drawn from the visualization literature. Our
contributions are as follows:

* We develop a data-generation framework for creating visualiza-
tions with accompanying question-answer pairs spanning six vi-
sual encoding channels (e.g., position, area, color) and eight tasks
(e.g., retrieve values, compute derived values, find anomalies).

 Using this framework, we generate ENCQA — a set of 2,250
questions for 2,076 charts. We open source our benchmark items
and generation framework at our benchmark website !.

* We evaluate ENCQA on a set of 9 vision-language models, in-
cluding proprietary and open models, and show that model per-
formance on tasks varies substantially by visual encoding used.

2 BACKGROUND & RELATED WORK
2.1 Visual Encodings for Chart Understanding

Foundational visualization literature established rankings of visual en-
coding channels based on their efficacy for different tasks, guiding
visualization practice and pedagogy [8, 16,41,48,49,71,79]. For in-
stance, Cleveland and McGill [16] highlighted position as the best
encoding for precise ratio judgments. However, the same ranking of
encodings might not apply for all tasks [9] demonstrated by Albers et
al.’s [2] finding that color-based encodings are better for aggregating
estimates (e.g., interpreting time-series data). This aligns with theo-
ries of perceptual averaging where encoding channels like color allow
for efficient aggregate estimation from vision alone without needing
explicit computation [17].

We emphasize that visual encodings are distinct from chart types,
which result from decisions regarding which visual channel(s) are used
to encode the data.

2.2 Chart Understanding Tasks

A critique of research surrounding the relative efficacy of visual en-
coding channels has been that these studies fail to fully characterize
the gamut of chart understanding tasks that are natural and common in
day-to-day practice [9,46]. Several taxonomies have been proposed
to systematically characterize visualization tasks [4, 12,54,57, 60, 69].
Wehrend and Clayton [69] describe tasks in terms of cognitive opera-
tions applied to data objects (e.g., identifying, categorizing, ranking,

ICode and dataset are available at https:/github.com/apple/ml-encqa

correlating), whereas Shneiderman [60] emphasizes interaction-based
tasks (e.g., overview, zoom, filter, details-on-demand). In contrast,
Amar et al. [4] introduce a taxonomy derived from common analytic
questions posed by users, focusing on low-level analytic tasks. Their
taxonomy comprises ten tasks: retrieve value, filter, compute derived
value, find extremum, sort, determine range, characterize distribution,
find anomalies, cluster, and correlate. In this work, we adopt Amar
et al.’s taxonomy because it spans tasks requiring both direct visual
extractions—requiring no axes or annotations—and more intricate vi-
sual estimates involving averages or correlation judgments, making
them ideal for probing visual encoding use in models. This taxonomy
has been widely adopted in the visualization literature.

2.3 Vision Language Models

Vision-language models (VLMs) generate open-vocabulary text condi-
tioned on visual inputs and textual prompts. These systems combine
the rich representations learned by vision encoder models with the ex-
pressivity of a powerful large language model (LLM) in order to solve
complex visual reasoning tasks (see [25] for a more in depth overview).

While chart-specific training improves VLM performance on chart
understanding [34,38,42,45,80], large general-purpose frontier mod-
els also show strong zero-shot capabilities [50, 63] especially when
prompts are optimized for chart understanding [73]. While some works
convert charts to non-visual representations such as data tables [37],
visualization grammars [13,31] like Vega-Lite [58], or SVG specifi-
cations [76], our evaluation focuses on general-purpose VLMs without
additional chart-specific annotations or OCR data extraction, targeting
their visual reasoning capabilities.

2.4 Large Scale Datasets for Chart Understanding

Progress in machine chart understanding has been closely tied to the
development of large-scale question-answering datasets, both synthetic
and web-scraped [27, 28, 43,47]. Early synthetic datasets such as
DVQA [27] and FigureQA [28] introduced foundational QA tasks
over bar and line charts, while later efforts like PlotQA [47] and
ChartQA [43] leveraged web-sourced charts for greater variety and com-
plexity. Multimodal benchmarks such as MMMU [77] and MMC [39]
have further expanded coverage, but their chart-related questions often
require domain-specific knowledge, making it difficult to disentangle
visual reasoning from subject expertise.

Recent datasets have sought to address these limitations in differ-
ent ways. CharXiv [68] focuses on real-world charts with questions
specifically designed to be answerable from the chart content alone,
minimizing reliance on domain knowledge, ChartBench [75] introduces
a broader task taxonomy and a wide range of chart types, and ChartIn-
sights [73] adopts Amar et al.’s [4] taxonomy — closely aligning with
our own—across several chart formats. Notably, Zeng et al. [78] ad-
vance chart QA through visualization-referenced instruction tuning,
using LLM-based augmentation to increase both the visual diversity
of charts and the quality of paired questions, thereby facilitating more
robust model training (e.g., via instruction fine-tuning [40]) and higher
quality benchmarks.

Parallel work in visualization and cognitive science has leveraged
visualization literacy assessments such as VLAT [35] and related studies
[3,7,36,52,67] to reveal fine-grained differences between human and
VLM performance, as well as to expand the range of visualization
QA items using LLMs [18, 78]. While each of these benchmarks
expands the diversity, realism, or annotation strategies for chart question
answering, they generally evaluate models at the level of overall task
or chart type leaving open the question of how models process specific
visual encodings.

In contrast, our benchmark is designed for systematic, fine-grained
analysis of vision-language model capabilities. By varying visual
encoding channels (position, length, area, color, shape) and analytic
tasks according to a principled, literature-derived taxonomy, we enable
targeted diagnosis of VLM strengths and weaknesses. Our benchmark
uniquely combines (1) a focus on visual encodings over chart types, (2)
a principled task taxonomy based on established visualization literature,
and (3) question design that specifically distinguishes visual reasoning
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from text extraction or prior knowledge. Previous works have typically
incorporated only a subset of these elements, but by systematically
targeting all three, our benchmark enables precise analysis of model
strengths and weaknesses across visual encodings and analytic tasks.

3 MOTIVATION

While there has been steady progress over the past few years on building
competent models that can understand visualizations in near human-like
ways [25,72], several empirical and theoretical gaps still remain. Recent
investigations have revealed that many VLMs and vision backbones
[10,20,55] lack basic visual reasoning abilities such as determining
whether lines intersect, how shapes are oriented, and counting items in
a visual array. Such low-level tasks are the building blocks of inference
when it comes to visualizations. Thus, to the extent that models are
limited in their performance of these tasks, we should also be skeptical
about their performance on chart understanding benchmarks.

In addition to these low-level tasks, it is also important to evaluate
models on the kinds of naturalistic tasks that we test humans on and
design charts to accomplish [4,54,67]. While there are many formu-
lations for the process of chart understanding [49,53, 59], the process
can be broadly captured by 3 distinct components — (1) ‘bottom-up
visual perception, which includes the kinds of visual abilities described
above, constitutes the first step and provides the building blocks for
visual understanding. (2) Mapping visual features to data includes the
crucial step of mapping variations in visual features to variations in
data. (3) Lastly, an observer must use those mapped values to answer
task-specific questions [53,59]. An additional factor in the real world
is the influence of domain specific knowledge, such as a climate scien-
tist’s knowledge of weather patterns influencing their interpretation of a
weather map. Shah and Hoffner [59] refer to this as ‘knowledge about
content’” and an observer’s expectations about the data can influence
interpretation of visualizations [74].
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Fig. 2: Example Question-Answer pair from ChartQA where the answer
could be directly extracted from the text without making a visual judgment
of the length of the bar with respect to the axis.

In this work, we focus on the main 3 components described above
and attempt to minimize reliance on ‘knowledge about content’.

We design charts and test items that are critically reliant on visual
understanding of a chart and cannot be solved using ‘shortcuts’ such as
relying on general knowledge of the world, or only using information
from the textual annotations (Figure 2).

Our benchmark provides a valuable resource for tracking progress
on how models are able to decode information from different visual
encodings, contextualized by human-relevant tasks. We hope the in-
sights that our benchmark raises can help design data-efficient training
strategies to improve VLM chart understanding in a principled manner.

4 METHODS
4.1 ENCQA Benchmark Design

We introduce ENCQA, a novel benchmark developed using insights
from the visualization and vision science literatures to rigorously
evaluate the ability of vision language models to understand data
visualizations. Earlier benchmarks have focused on representing a
wide variety of chart types often sourced from the web and have con-
structed crowd-sourced and researcher-generated QA pairs to create
test items [39,43,44,47,62,68]. While this approach allows for the
curation of datasets approximately reflecting the kinds of charts used
in the real-world, it makes it difficult to ensure an adequate represen-
tation of visual encodings [16,24,46] and tasks [2,4, 54] that much
of visualization research has deemed critical for encapsulating human
chart understanding performance. This raises an important limitation
of present benchmarks in that model performance on them might be
dominated by successes or failures on specific tasks and encodings. We
will explore this limitation in more detail in Section 6.1. Without a
fine-grained understanding of the specific kinds of charts that VLMs
struggle with, avenues for progress in this space are limited to scaling
benchmark size and chart diversity. We posit that this endeavor can be
more efficiently directed with a better understanding of the capabilities
of VLMs to understand the elemental building blocks of charts. Here,
we focus on one of these building blocks, namely, visual encodings.
To that end, we structure the questions in the benchmark to target
models’ understanding of visual channels on visualization-relevant
tasks. ENCQA enables us to evaluate VLM sensitivity to different
visual encodings of data across a range of tasks and contains 2,076
charts paired with 2,250 questions. In the following sections we outline
the visual encoding channels and tasks we design ENCQA around.

4.2 Data Generation

The underlying values for all chart data are drawn from a normal
distribution with a mean at 50 and a standard deviation of 5. In cases
where one set of data needed to be systematically different from another
(e.g., comparing means of two charts), we set the mean of one of the
datasets to be 70. For any scatterplot-like charts, we ensured that no
two marks were overlapping.

4.3 Visual Encodings

Our benchmark tests 6 encoding channels commonly represented in the
visualization literature [16,24,49]—position, length, area, color quan-
titative (lightness), color nominal (hue), and shape. We use these vi-
sual channels to encode two different kinds of variables—quantitative
and nominal. Quantitative variables vary in their numeric values and
are encoded using position, length, area, and color lightness. Nominal
variables that represent categorical data are encoded using shape and
color. We note that there are no charts that are truly single encoding
charts. When assigning a test item’s visual encoding, we refer to the
encoding used to encode the data that the question is about. The
secondary encoding is often a mapping of the datapoint’s category to
a position on the axes to prevent data points from overlapping and
provides a ‘named index’ to refer to each datapoint.

4.3.1 Chart Variability

When considering these visual encoding channels there are still a num-
ber of design choices that visualization designers are left to make.
We attempt to capture a number of these in our chart generation pro-
cess. For each task-encoding pair we generate at least 25 charts, each
based on fresh data from our data generation process. In addition to
this dataset variability, we apply the following design-specific variants
described below:

Mark variability. As the shape of a mark can influence relative
area judgments between marks, we generate 25 charts for each of the
‘circle’ and ‘square’ mark types for AREA encodings.

Orientation variability. While in human observers, the difference
in orientation of bar charts does not lead to drastically different infer-
ences [1], horizontal and vertical bar charts and dot plots are common



Task Length Position Area Color (quantitative) Color (nominal) Shape Total
Retrieve Value 50 50 50 25 25 25 225
Find Extrema 100 100 100 50 50 50 450
Find Anomaly 100 100 100 50 50 50 450
Filter Values 100 100 100 50 50 50 450
Compute Derived Values Exact 50 50 50 25 50 50 275
Compute Derived Values Relative 50 50 50 25 25 25 225
Correlate Values 100 50 100 50 N.A N.A. 300
Correlate Values Relative 50 25 50 25 N.A N.A 150

Total Questions 2,250

Table 1: Number of test items for each task x encoding cell. We generate at least 25 charts from different underlying datasets and then vary
task-encoding specific parameters (e.g., left-right vs. top-down orientation for length encoding charts) to arrive at a final number. See Section 4.3.1

for further details.

variants. Thus, we generate 25 charts for each orientation for LENGTH
and POSITION and encodings.

Color scheme variability. For COLOR QUANTITATIVE encod-
ings, we cycle through four continuous color schemes defined by
Vega-Lite [58]—reds, greens, blues, and grays, within the 25 charts
in each task encoding pair. We do not alter the default behavior of
Altair [66] to assign larger data values to the darker end of the color
scheme. All charts are on a white background.

Other visual properties of the chart, such as font or mark size, are left
to the default values provided by the Altair, the Vega-Lite based
python package we use to generate the charts.

4.4 Tasks

We design our benchmark using six central tasks from Amar et al. [4].
The motivation for using this specific task taxonomy is two-fold. First,
it is a human behavior-derived granular ‘low-level’ set of tasks that is
helpful for assessing fundamental capabilities of VLMs. Second, the
widespread adoption of this taxonomy (and variants) in human chart
understanding studies facilitates interoperability with existing findings,
enabling the identification of discrepancies between model and human
capabilities. Based on existing human perception studies [23,56,61,70]
we split the compute derived values, and correlate values tasks into
two variants for a total of eight tasks. These variants ask the model to
make a relative judgment between two charts.
Below, we provide brief descriptions of each task:

* RETRIEVE VALUE is a task focused on retrieving specific values
from a chart such as the numerical value corresponding to the
height of a bar, or the value implied by a color given a color-ramp
legend. This task is presented as a free response question.

¢ FIND EXTREMA has to do with finding elements in a visualization
with the maximum or minimum value of an encoded variable. For
each chart we generate questions to find both the minima and
maxima. When generating data for this task, we always ensure
there is a single extremal value. This task is presented as a
multiple choice question.

* FIND ANOMALY commonly refers to identifying statistical out-
liers. Here we focused on outliers in terms of number of ob-
servations (for nominal variables), or an observation that has
an extreme value of an encoded variable relative to other ob-
servations. To ensure that the data backing the chart includes
an outlier, we began with Tukey’s classical definition based on
inter-quartile ranges. Specifically, Tukey defines an outlier as
an observation that either is less than Q1 — 1.5 X IQR or greater
than Q3 + 1.5 x IQR, where Q1 and Q2 refer to the first and
third quartiles and /QR is the inter-quartile range [64]. In order
to make the outlier more visually salient, we instead multiplied
the IQR by 3 as opposed to 1.5. We randomly designate one of
the categories (A - E) as the outlier category and set its value to
either Q1 —3 X IQR (a ‘small’ outlier) or Q3 +3 x IQR (a ‘large’
outlier). This task is presented as a multiple choice question.

* FILTER VALUES refers to the task of identifying marks or ob-
servations in a chart that satisfy a particular criterion of being
lesser/greater or fewer/more than some reference value. The ref-
erence value for the comparison was randomly chosen to either
corresponded to the count of the second most or second least fre-
quent category. This task is presented as a free response question
and requires the model to produce a list of items.

CORRELATE VALUES This task asks the model to estimate if two
data series are correlated based on their encodings within a single
chart.

We generate data such that the Pearson correlation coefficient
(r) was either close to 0.1 or 0.9 2. This task is presented as a
multiple choice question with two options (‘no’ or ‘yes’).

CORRELATE VALUES RELATIVE This task asks models to dis-
cern relative correlation strengths between pairs of datasets. Mod-
els are presented with a pair of charts, each of which is similar to
those shown in the CORRELATE VALUES. One chart in the pair
is generated to have r ~ 0.9 and the other to have » ~ 0.1. The
charts are presented side by side and we randomly flip whether
the high correlation chart was presented on the right or left. This
task is presented as a multiple choice question with two options
(‘left’ or ‘right’).

Since (Pearson) correlations are reliant on the two sets of data
being compared being quantitative, we excluded visualizations of
nominal variables from the two correlate values tasks.

COMPUTE DERIVED VALUES EXACT. For quantitative variables,
this task involves estimating the average value of the variable
across multiple categories. For nominal variables, the task was
to respond with the average number of observations per category,
each chart has 5 categories and has either 36 or 6 observations.
This task is presented as a free response question and requires the
model to produce a numeric answer.

COMPUTE DERIVED VALUES RELATIVE. In this task, the ob-
jective is to report which of two charts presented has the higher
or lower average value of the encoded variable. We generate the
data for these charts such that one of the charts always has a clear
higher average value than the other. This task is presented as a
multiple choice question with two options (‘left” or ‘right’).

Table 2 provides an overview of the question format for each task
and encoding channel, while Figure 1 provides a sampling of the charts
used in each condition.

4.5 Prompt Design

We construct the text of the final prompt using the following template
where each element is separated by a newline: <prefix> <question>

2The correlated dataset was generated by computing the Cholesky decom-
position of the desired correlation matrix and computing the product of the
decomposed matrix with the first dataset.
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Task Length Position Area Color (quantitative) Color (nominal) Shape
RETRIEVE What is the value of What is the value of What is the value of What is the value of How many {red|blue How many {square
VALUE Var at {A|B|C|D|E}? Var at {A|B|C|D|E}? Var at {A|B|C|D|E}? Var at {A|B|C|D|E}? |green|orange |cross|triangle
|purple} circles are |circle|star} shapes
present? are present?
FIND Which bar is the Which circle is closest ~ Which {circle Which circle has the Which color has the Which shape has the
EXTREMA {longest|shortest}? to the {top|bottom | square} has the {darkest|lightest} {most]|least} {most|least}
|left|right}? {largest|smallest} color? observations? observations?
area?
FIND Which bar is an outlier =~ Which circle is an Which {circle Which circle is an ‘Which color is an outlier Which shape is an outlier
ANOMALY relative to the rest in outlier relative to the | square} is an outlier relative to the relative to the rest in relative to the rest in
terms of length? rest in terms of outlier relative to the rest in terms of color terms of the number of terms of the number of
position? rest in terms of area? lightness? observations? observations?
FILTER Which bar(s) have a Which circle(s) have a Which {circle(s) | Which circle(s) havea ~ Which color(s) have ‘Which shape(s) have
VALUES value of Var value of Var square(s) } have a value of Var {more | fewer} than {x} {more | fewer} than {x}
{greater |less} {greater|less} value of Var greater {greater|less} observations? observations?
than {x}? than {x}? than {x}? than {x}?
COMPUTE What is the average ‘What is the average What is the average What is the average What is the average ‘What is the average
DERIVED value of Var? value of Var? value of Var? value of Var? number of observations number of observations
VALUES per color? per shape?
EXACT
COMPUTE In which chart are the In which chart are the In which chart are the In which chart are the Which chart has a higher Which chart has a higher
DERIVED bars longer on circles further to the areas of the {circles  circles darker on average number of average number of
VALUES average? {right|top} on | squares} larger on average? observations per colors? observations per shape?
RELATIVE average? average?
CORRELATE  Are the lengths of the Are Varl and Var2 Are the areas of the Are the lightness of N.A. N.A.
VALUES bars for Varl and Var2 correlated? {circles|squares} the circles for Varl
correlated? for Varl and Var2 and Var2 correlated?
correlated?
CORRELATE In which chart are the In which chart are In which chart are the In which chart are the N.A. N.A.
VALUES lengths of the bars for Varl and Var2 more areas of the circles for  lightness of the cirlces
RELATIVE Varl and Var2 more correlated? Varl and Var2 more for Varl and Var2

correlated? correlated?

more correlated?

Table 2: Question structure for each task under the different encoding channels. Where possible, the question is expressed in terms of the visual
encoding used. Substitution options shown in {braces}, {x} indicates a numeric substitution.

<suffix>.

The prefix varies based on the expected answer type for the question.
For multiple choice it is ‘Answer using only a single word or letter
[from the options provided.’, for numeric answers, ‘Answer using only a
single number.’ and finally for list answers we set the prefix to ‘Answer
choosing only from the options provided, your answer should be just
a simple comma separated list’. The benchmark question is then
appended followed by an optional suffix.

For numeric answers the suffix is empty while for multiple choice
and list answers the valid options are first randomly shuffled to ensure
there is not a positional bias with respect to the correct answer and
then appended as a comma-separated list using the template ‘Options:
<comma separated list>’. The chart image is passed into the model as
specified by each model’s documentation but always precedes the text
described above.

As we added models to our evaluation harness we iterated on prompt
design and found this straightforward template to be effective at pro-
ducing appropriately formatted responses across the models under
consideration and provide more detail on that in Section 4.7.

4.6 Model Evaluation

We evaluated every model under a greedy decoding scheme in order to
make their responses deterministic and set a maximum new token limit
of 30 tokens since none of our questions required long responses.

We focus our evaluation on 3 commercial models and 6 open models
listed in Table 3. We select these based on their high scores on ChartQA
[43], a well established chart understanding benchmark. We believe
these models provide a representative snapshot of the current state of
chart understanding models at various sizes at the time of writing.

Model Params ChartQA
GPT-40 n/a 85.7
GPT-40 mini n/a n/a
OpenAl ol n/a n/a
InternVL2-2B 2.1B 76.2
InternVL2-8B 7.3B 83.3
InternVL2-26B 26B 84.9
Molmo-7B-D 7B 84.1
Phi-3.5 Vision 4.2B 81.8
ChartGemma 2.9B 80.2

Table 3: Models evaluated, their approximate parameter counts and their
reported ChartQA scores.

4.7 Response Parsing

We implement a simple regular expression based response parsing
pipeline to extract answers from the model response text. We test each
response against a list of 5 regexes that were written after looking at
sample responses from all the models we tested. One separates the
answer from leading phrases like “Answer is:” and two more extract
comma-separated lists for set answers, which are then converted to
set objects. Our next regex matches against word representations of
numbers such as “one, two, three, etc.”, and our final one matches
numeric digits with an optional decimal part to handle numeric answers.
If none of these patterns match, the whole string is considered as the
answer. We found that the vast majority of model responses follow the
requested format and we are able to successfully parse valid (though
not necessarily correct) answers for almost all models. InternVL2-2B
produces only 4 responses we couldn’t parse, and manual inspection



confirmed they were incorrect. ChartGemma produced 279 of these
non-parseable responses, most of which are refusals to perform the task.
Molmo-7B-D produced 86 non-parseable responses all of which are in
the COMPUTE DERIVED VALUE task, as it tries to produce a reasoning
chain to answer the question and runs out of tokens before producing
an answer.

4.8 Metrics

A motivating question was whether ENCQA would uncover differences
in how well VLMs solve chart understanding tasks across different vi-
sual encoding channels. To measure model performance across tasks
using a commensurable metric, we use accuracy, a simple yet effec-
tive metric used broadly in both evaluations of human and VLM data
visualization understanding [25,67]. Given the different response for-
mats across tasks (numeric responses, multiple choice selections, list
generation), we use the following question type-specific measures of
accuracy. For multiple choice questions, we use exact match to compare
model responses to true labels. For numeric responses, we compute
the relaxed accuracy metric [47] and like other works evaluating chart
question answering, we set the threshold for a correct response to be
within 5% of the true label. For list responses, such as in the the filter
value task, we use set equality between the generated list and true label.
Because of the relatively large number of responses from ChartGemma
that we are not able to parse via regular expression, we further use
an LLM-as-judge approach [15] to evaluate whether ChartGemma re-
sponses are equivalent to the ground truth. We use GPT4o as the judge
and score an answer as correct if either the regex method or the LLM
indicate that the response is correct. When aggregating scores up to
the task or model level, we first compute mean accuracy within each
task-encoding pair then aggregate those scores to get task-specific and
then model-specific scores. This is done in order to account for the
different number of stimuli in each task-encoding pair.

5 RESULTS

5.1 VLM Sensitivity to Encoding Channel Varies within and
across Tasks

Due to space constraints we focus our analysis here on the performance
of two commercial ‘frontier’ models, namely, GPT-40 and OpenAl o1,
and a top performing open model, InternVL2-26B. We believe these
provide a snapshot of the current state-of-the-art for chart understand-
ing. Figure 3 displays their performance on the EncQA benchmark.
Table 4 contains detailed results for these models as well the other 2
top-performing open models that we tested. We observe a number of
interesting phenomena that we describe below.

Encodings that require interpreting legends are significantly
more difficult than those requiring reading values off of an axis.
In the RETRIEVE VALUE task, the AREA and COLOR QUANTITATIVE
encoding charts both require the use of a legend to estimate the relative
size or lightness of the target mark. All models do better with length
and position encodings (which do not require a legend) for this task
(Figure 3 first row). This effect is less consistently observed in the
FILTER VALUES task, which doesn’t require as precise an estimate of
values as RETRIEVE VALUE (GPT-4o in Figure 3, second row).

Simple counting tasks are easy, counting and comparing is sig-
nificantly harder. In ENCQA, questions for encodings of nominal
data (i.e., SHAPE and COLOR NOMINAL) are framed as counting tasks,
reflecting how these encodings are generally used in visualizations
(e.g., “How many blue circles are in the chart?”, “Which shape has
the most observations?”). When these are just counting tasks (i.e.,
RETRIEVE VALUE and FIND EXTREMA) the models perform quite well.
However, when they require extra aggregation or judgment, model per-
formance drops dramatically. For example if asked “How many colors
have more/fewer than x observations” (FILTER VALUES), GPT-40’s
performance drops to less than 50% compared to the near 100% perfor-
mance seen in the simpler counting tasks. An exception to this is the
ol ‘reasoning’ model which performs substantially better at this task at
the cost of significantly more inference time compute. We discuss this
more in our exploration of Chain-of-Thought (CoT) prompting which
we explore in Section 5.3

Table 4: ENCQA accuracy for 2 leading commercial models and the 3
open source models from our suite with the highest scores on ChartQA.
Bold numbers indicate the encoding that each model performs the best
on within a task.

GPT OpenAl Phi InternVL2 Molmo

Task Encoding 40 ol 35 26B  7B-D
Length 0.38 0.34 0.64 072 0.64
Retrieve Value Position 0.54 0.48 0.72 048  0.60
Area 0.20 0.14 0.12 0.10  0.08
Color Quantitative 0.16 0.16 0.04 0.00 0.04
Color Nominal 0.96 0.76 0.84 0.56 0.92
Shape 0.96 0.80 0.64 048  0.88
Length 0.91 0.79 0.59 0.79 044
Filter Values Position 0.84 0.91 0.33 0.41 0.26
Area 0.79 0.62 0.12 0.34  0.05
Color Quantitative 0.76 0.60 0.14 0.10 0.22
Color Nominal 0.26 0.52 0.32 0.08 0.08
Shape 0.50 0.56 0.38 0.12  0.08
Length 0.99 0.97 0.99 1.00  1.00
Find Extrema Position 0.93 0.97 0.93 0.83  0.98
Area 0.96 0.98 0.88 0.85  0.97
Color Quantitative 1.00 1.00 0.70 0.72 0.98
Color Nominal 0.98 1.00 0.72 0.66 0.50
Shape 0.96 0.92 0.64 0.60 046
Length 0.96 0.96 0.85 0.79  0.81
Find Anomaly Position 0.88 0.95 091 0.71 0.89
Area 0.85 0.93 0.96 098  0.66
Color Quantitative 0.98 0.98 0.90 0.76 0.84
Color Nominal 0.50 0.56 0.50 0.50 0.24
Shape 0.50 0.62 0.48 0.50 044
Length 0.40 0.32 0.34 024 034
Compute Derived Position 0.26 0.30 0.34 022  0.32
Value Exact Area 0.16 0.10 0.16 0.40 0.22
Color Quantitative 0.16 0.16 0.08 0.12 0.20
Color Nominal 0.04 0.78 0.00 0.00  0.00
Shape 0.00 0.56 0.00 0.00  0.00
Length 0.98 1.00 0.78 0.80 0.78
Compute Derived Position 0.70 0.70 0.64 0.68  0.68
Value Relative Area 1.00 0.98 1.00 1.00 1.00
Color Quantitative 1.00 1.00 1.00 1.00 1.00
Color Nominal 0.64 1.00 0.44 044  0.28
Shape 0.28 1.00 0.48 0.64 0.52
Length 0.51 0.71 0.58 0.54  0.50
Correlate Values Position 0.96 0.92 0.60 0.56 0.50
Area 0.75 0.86 0.50 0.58 0.50
Color Quantitative 0.70 0.90 0.50 0.56 0.50
Length 0.82 0.76 0.62 0.60  0.52
Correlate Values Position 1.00 0.96 0.88 0.68  0.64
Relative Area 0.52 0.74 0.48 0.58 044
Color Quantitative 0.56 0.84 0.28 0.72 0.36
EncQA Score 0.67 0.73 0.55 0.54 051

Models struggle with visual estimates of correlation. The COR-
RELATE tasks ask the model to estimate whether two visual variables
are correlated, and we see that in many cases performance is close
to random chance. Some notable exceptions are GPT-40 when using
position encodings (for which we use a scatterplot — arguably the most
common type of plot for estimating correlations), as well as o1, which
performs best overall. We also note that there isn’t a consistent change
in behavior when moving to the arguably easier ‘relative’ version of the
task where the model is asked to judge which of two charts shows data
that are more strongly correlated. While GPT-40’s performance drops
for two out of four encodings, InternVL2-26b performance remains
relatively similar across encodings.

5.1.1

As detailed in Sections 4.3.1 and 4.4, we include a number of variants
for certain encodings and task formulations. While models do not
demonstrate notable differences for chart orientation variants (horizon-
tal or vertical), or mark type (circle or square), or color scheme we do
note some variants that reveal marked differences in performance.
Figure 4 shows the effect of correlation strength on accuracy for the

Favored Task-Encoding Variants
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Fig. 3: Model accuracy per visual encoding for each task. (R) indicates
‘Relative’ variants of the task. Red lines mark chance level performance
for multiple choice questions. Error bars indicate 95% confidence inter-

vals computed via the bootstrap method

CORRELATE VALUES task. Across encodings, most models can only
perform this task if there is a strong correlation. Phi-3.5 notably
reverses this pattern, and GPT-4o displays an exception to this for only
one encoding channel (length).

We also observed that in the FIND ANOMALY task, when using
SHAPE or COLOR NOMINAL encodings (i.e., performing a counting
task), overall performance is around 50%. On further inspection, we
find that all these models are able to do the task at near 100% per-
formance when the outlier has the ‘smaller’ count, and near 0%
when the outlier category has more observations (Figure 5). This
could reflect a bias in the models’ conception of outliers. We further
note that this drop in performance is not improved by zero-shot Chain-
of-Thought prompting or when using the o1 reasoning model (Section
5.3).

The synthetic, controlled nature of the ENCQA is a key enabler
for targeted measurement of these fine grained differences. Users
of the benchmark can easily generate more chart-question pairs for
task-encoding pairs of interest.

5.2 How far off are numerical responses?

Two of our tasks require a precise numerical response, namely RE-
TRIEVE VALUES and COMPUTE DERIVED VALUES. We previously
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Fig. 4: Effect of correlation strength on accuracy for the CORRELATE
VALUES task.
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Fig. 5: Effect of outlier type on accuracy for the FIND ANOMALY task.

reported relaxed accuracy scores for these tasks (Figure 3). While use-
ful, this metric gives limited insight into the degree to which answers
are correct or incorrect. In order to provide a finer grained look at model
responses, we computed the symmetric mean absolute percentage er-
ror (SMAPE) between the model predictions and ground truth for all
numeric responses (Figure 6). SMAPE is a continuous measure of the
distance of a model’s predictions from the true values. It is computed
as follows:
n
SMAPE = l Z M
n= (1Tl +1Bc)) /2

where T}, and Py are the true and predicted values respectively of the
kth question.

~
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Fig. 6: Symmetric Mean Absolute Percentage Error for numeric re-
sponses (lower is better).
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derived values or correlate and for some counting tasks. However some
task-encoding pairs see performance drops with CoT compared to direct
prompting.

For the two encodings that require interpreting a legend (AREA and
COLOR QUANTITATIVE), performance on COMPUTE DERIVED VALUE
is comparable or better than performance on RETRIEVE VALUE, this
is somewhat surprising as the latter task is ostensibly a sub-task of the
former.

5.3 Chain-of-Thought/Reasoning Improves Performance
For Only a Limited Set of Task-Encoding Pairs

A question that emerges, particularly when considering tasks that re-
quire a greater degree of judgment, is whether they benefit from the
extra compute steps that zero-shot Chain-of-Thought (CoT) prompt-
ing [32], or ‘reasoning’ models provide [51]. Zero-shot CoT asks a
model to ‘think step by step’ before producing its final answer. We
test this approach using GPT-40 and 013. For GPT-40, we allow the
model to generate up to 500 new tokens (rather than 30 in the base ex-
periment), and for o1 we set its reasoning effort parameter to ‘medium’
(the default) and observe it uses anywhere from 400 to 8,590 tokens per
question (the final answers are still generally under 10 tokens). Both
models provide a structured output response API, making it easy to
separate the reasoning chain from the final answer.

We observe that most task-encoding pairs are not improved by
CoT/reasoning (Figure 7). We do however, see improvement in three
tasks (for certain encodings), namely FILTER VALUES, COMPUTE DE-
RIVED VALUE and COMPUTE DERIVED VALUE RELATIVE with both
CoT and reasoning. These tasks can be seen as requiring a counting
step followed by an aggregation step or set of comparisons.

We do observe some task-encoding pairs where reasoning (o1) out-
performs CoT (though they are often comparable), namely in the COR-
RELATE VALUES and CORRELATE VALUES RELATIVE tasks, for the
AREA and COLOR QUANTITATIVE encodings. As observed in Figure 4,
ol is the only model to consistently handle both correlation strengths
across all encodings. Surprisingly, in the FILTER VALUES task, we see
the reverse for these two encodings, where CoT (and even non-CoT
GPT-40) outperforms the more token intensive reasoning model that is
designed to be more capable at visual reasoning®.

3For ol we do not include the ‘think step by step’ instruction as the model
is trained specifically to do this and the developer documentation recommends
avoiding that addition

“https://platform.openai.com/docs/guides/
reasoning-best-practices#5-visual-reasoning

5.4 Model Size Does Not Reliably Correlate with Perfor-
mance

A useful property of the deep learning revolution has been a steady
predictable increase of model performance with scale (in compute or
data), where larger models trained on more data outperform smaller
models [30]. However we observe that this is often not the case for
task-encoding pairs in ENCQA. Figure 8 (top) shows results for three
sizes of model from the InternVL2 family. Many task-encoding pairs
do not improve as the model size increases or only do so sub-linearly.
And even when there is improvement in task performance it is rarely
across all encoding channels.

This may suggest that ENCQA helps highlight elements of capabili-
ties that do not simply scale with model or dataset size. Improving these
capabilities might require more targeted collection of data or novel pre-
training objectives. While we do not have access to the parameter
counts of the commercial models, we present a similar (though coarser)
analysis, comparing GPT-40 with GPT-40-mini (Figure 8 (bottom)).

6 DisCusSION
6.1 What does ENCQA test that ChartQA doesn’t?

A key motivation behind our work is the position that it is difficult
to ascertain the extent to which current chart evaluation benchmarks
focus on visual reasoning and whether said benchmarks represent the
range of tasks and visual encodings central to visualization understand-
ing. While there are no doubt other cognitive components to chart
understanding beyond just visual reasoning [53,59], visualizations are
most helpful when they take advantage of the visual system’s ability to
easily extract information from charts [19]. In order to further ground
this position, we annotated the test split of ChartQA [43] — the most
used chart understanding benchmark at the time of writing — with
metadata indicating: the chart understanding task for the question, the
primary visual encoding for the data under question, and whether text
annotations within the chart image itself would allow for answering the
question without the need to actually decode the information using the
visual encoding used to create the marks. We took the ChartQA-test
human-labeled split and two of the authors first reviewed approxi-
mately 50 diverse question-answer pairs to develop guidelines for how
to categorize them; then one of the authors annotated all 1,250 test
questions.

We found that most test items (81%) could be answered without
visual reasoning over encodings and instead by extracting text from the
chart image (e.g. Figure 2). While redundantly encoding information
using text and visual features is indeed helpful (e.g., for memorability
[6]), the presence of text annotations in these charts makes it difficult
to differentiate models’ text recognition and localization capabilities,
from their use of visual encodings and associated axes to solve chart
understanding tasks.

Figure 9 shows the distribution of charts with respect to encoding
and task. We observe that most charts in ChartQA test use LENGTH
or POSITION encodings, followed by AREA encodings. We note that
none of the charts use COLOR for quantitative variables (such as in a
heatmap or choropleth map) or SHAPE encodings. With regards to task
distribution, COMPUTE DERIVED VALUE and RETRIEVE VALUE are
the most represented tasks while FIND ANOMALY and CORRELATE
VALUES have no or little representation respectively. There were a
significant number of “Other” tasks represented, but these mostly con-
sisted of tasks like correctly mapping a legend value to its referent (e.g.,
“What does Green bar represents?” in a stacked bar chart where one
series is colored green), extracting information from titles (e.g. “Which
country data shown in the Chart?” in a chart where the title indicates
which country the chart is about), or even reading values from axes or
annotations (e.g. “Find missing data of the sequence 24, _,32, 33, 42?”
in a chart where bars are labeled with those numbers). There were also
cases where the visual encoding could be said to be “None.” These
were questions about an aspect of the chart that wasn’t encoded using
any visual feature (e.g. “Is there a value 30 in the dark blue line?” in a
chart with no axes or tick marks but where each data point is annotated
with its value).
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Fig. 9: ChartQA test samples categorized by encodings and tasks used in
this work. ‘Other’ represents tasks outside of the 8 tasks we considered.

This analysis demonstrates the increase in coverage of encodings
and tasks that ENCQA provides.

7 LIMITATIONS

We acknowledge that ENCQA has some limitations. In particular, for a
given encoding and task pair, there are multiple valid charts that could
be created to satisfy those constraints. We generally chose the simplest
design that fit the criteria, and thus the visual complexity of our stimuli
is relatively low. Nevertheless, we observe that even these simple
charts reveal significant performance gaps and differences in response
patterns across models. Future iterations of ENCQA could expand the
variety of charts used to fill in the encoding-task matrix and the visual
complexity of the charts (particularly as model performance saturates
for task encoding pairs). The number of encodings and tasks tested
could also be increased in future. We also do not test the sensitivity of
models to image resolution.

While we set up ENCQA to have independent visual encodings
for each task type, as noted earlier, charts often use more than one
encoding. Even if only a single encoding is relevant for answering
a question, a second encoding is often required to prevent the marks
from overlapping. To further isolate models’ sensitivity to specific
visual encodings, even simpler visual stimuli could be developed to
test for the fine-grained differences between visual encoding channels
(e.g., position vs. length) without the limitation of needing to be like

naturalistic visualizations such as in [14,55].

While we adopted a popular taxonomy of visualization tasks [4]
for principled reasons, there exist alternative ways of formalizing the
visualization task space [11,21,22,33] — some more high-level than
the ones presently considered.

Lastly, our results on model accuracy vs. model-size is limited to
one open-source model and one closed-source model family (for which
we have limited insight into the differences between the large and small
models), potentially limiting their generalizability.

8 CONCLUSION & FUTURE WORK

In this paper, we introduce a new benchmark, ENCQA, that tests
vision-language models on their ability to perform visual reasoning
tasks relevant to chart understanding. We address the need for a rigor-
ous benchmark that varies charts in both the visual encoding channel
and tasks that are evaluated using these charts, with a targeted focus
on visual reasoning as opposed to testing models’ general word knowl-
edge. As the field considers how Al chart understanding might be
effectively advanced we ought to consider which strategies might be
most beneficial for both evaluating and improving model capabilities.
The dominant strategy we observe in the field is a drive towards larger
datasets that have more realistic charts and more complex questions,
whether scraped from the internet or generated by advanced VLMs [18].
In the design of ENCQA we propose an alternative approach to eval-
uation that instead starts from principles of visualization design and
perception and constructs test items to measure specific perceptual abil-
ities. We consider these two approaches to be complementary and have
described aspects of VLM chart understanding behavior that ENCQA
is uniquely able to isolate.

We find that ENCQA reveals performance differences in VLMs
across visual encoding channels (length, position, area, color, shape)
for diverse visualization tasks. Accuracy patterns vary across models
and even top-performing models, including those optimized for reason-
ing, fail to consistently answer questions correctly across all tasks and
encodings. We also observe that error patterns cannot be explained as
a function of model size. These results underscore the need for com-
bining insights from visualization and machine learning, with rigorous
evaluation of models on targeted benchmarks.

While we have focused on evaluation of VLM capabilities, we see
room for future work that explores how synthetic datasets and frame-
works for parametrically generating benchmarks could be used to im-
prove the capabilities of VLMs on real-world chart understanding tasks.
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