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Abstract

Chart reasoning poses a significant chal-
lenge for Vision Large Language Models
(VLLMs). While Reinforcement Learning (RL)
has emerged as a promising solution, existing
outcome-based RL methods overlook interme-
diate errors, whereas process-based approaches
remain difficult in verifying abstract logical
steps. We therefore analyze chart-reasoning
failures to identify an intermediate supervi-
sion signal that is both relevant to the task and
amenable to objective verification. Our pilot
study suggests that early visual-perception er-
rors constitute a prominent source of failure
in the chart-reasoning setting. Guided by this
insight, we propose Chart-EARL, which con-
structs verifiable early visual anchors for tar-
geted chart-reasoning supervision. We first
build a structured training corpus that explic-
itly decouples visual perception from logical
deduction. Building upon this structure, our
approach optimizes the model with rewards
for both accurate extraction of descriptive vi-
sual features and final-answer correctness. This
strategy provides direct and verifiable feedback
on early visual grounding while keeping super-
vision on the final reasoning objective. Experi-
ments show clear performance improvements
on complex chart reasoning benchmarks.

1 Introduction

Despite the rapid advances of Vision Large Lan-
guage Models (VLLMs) in various multimodal sce-
narios (Comanici et al., 2025; Yang et al., 2025;
Wang et al., 2025), chart reasoning remains a chal-
lenging task, as it necessitates precise integration
of visual parsing and logical deduction (Wang et al.,
2024b; Tang et al., 2025; Masry et al., 2025a).
Recent research has employed Reinforcement
Learning (RL) to guide VLLMs towards deeper rea-
soning and exploration (Liu et al., 2025; Chen et al.,
2025). Current methods generally fall into two cate-
gories by their reward signals: outcome-based and
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Figure 1: Given a bar chart and a reasoning question, a
VLLM first generates a description of each bar, and then
compares each pair of values to give the final answer.
The error stems from the initial visual perception.

process-based. Outcome-based RL (Shao et al.,
2024; Sinha et al., 2025), often exemplified by
Reinforcement Learning with Verifiable Rewards
(RLVR), relies on ground-truth answers for di-
rect verification. However, this outcome-centric
paradigm ignores the reasoning process. Models
may arrive at correct answers via faulty inference
yet fail to learn reasoning skills (Shao et al., 2025).
In contrast, process-based RL (Wang et al., 2024a;
Luo et al., 2025) utilizes Process Reward Mod-
els (PRMs) to monitor the reasoning trajectory.
However, it is challenging to accurately judge the
correctness of complex reasoning steps (Lightman
et al., 2024). Inaccurate reward signals can intro-
duce noise, misleading the optimization process

(Shao et al., 2025).
To seek a more reliable form of intermediate

supervision, we conduct a fine-grained analysis
of failure patterns in chart reasoning. Through
sampling and manual categorization of 200 failure



cases, we find that vision-related hallucinations,
which typically arise in the early stage of reason-
ing, constitute the majority of reasoning failures.
As a representative example, Figure 1 illustrates
how an early visual error can distort the subsequent
comparison and lead to an incorrect answer. This
insight suggests that training efforts should be pri-
oritized on rectifying these foundational perceptual
errors early to alleviate cascading reasoning col-
lapses.

Based on this insight, we propose Chart-EARL
(Early Anchoring in Reinforcement Learning),
which uses targeted early supervision to reduce
visual hallucinations in chart reasoning. Rather
than scoring the full reasoning trajectory, which
is difficult to verify reliably (Khalifa et al., 2025;
Zhang et al., 2025), Chart-EARL focuses reward su-
pervision on early visual perception. These visual
signals are atomic and concrete, such as describing
the value of a specific bar in a chart (e.g., “chart
description” in Figure 1), making them clearer and
easier to verify. Specifically, Chart-EARL first
constructs a structured training corpus to explic-
itly train the visual perception stage. Then, Chart-
EARL optimizes the model with verifiable rewards:
an early anchoring reward for accurate extraction of
visual facts, and an overall outcome reward that en-
sures the final reasoning goal is met. This strategy
strikes a balance: it provides targeted feedback that
is direct and easy to verify, thereby mitigating the
noise of full-process supervision while preventing
the shortcuts common in outcome-only approaches.

We evaluate Chart-EARL on chart reasoning
benchmarks (Wang et al., 2024b; Tang et al., 2025;
Masry et al., 2025a). The results demonstrate
that Chart-EARL outperforms evaluated general
VLLMs and specialized chart-domain models, nar-
rowing the performance gap with some proprietary
models. Additionally, our method achieves higher
accuracy using shorter reasoning trajectories than
standard thinking models. We further analyze the
scalability of Chart-EARL across different model
sizes, while ablation studies show the critical role
of our proposed modules. We summarize our con-
tributions as follows:

* Our analysis identifies early visual-perception
errors as a prominent failure source in the chart-
reasoning setting.

* We propose Chart-EARL, which constructs veri-
fiable early visual anchors as targeted supervision
for chart reasoning.

* Experiments show strong chart reasoning perfor-

mance, and our analyses highlight the role of
early visual grounding.

2 Related Work

Chart Reasoning. With the development of
VLLMs, chart analysis has transformed from basic
descriptive tasks (Kahou et al., 2017; Kafle et al.,
2018; Methani et al., 2020; Masry et al., 2022;
Xu et al., 2023; Liu et al., 2024; Wu et al., 2024)
to complex reasoning tasks (Wang et al., 2024b;
Masry et al., 2025a; Xia et al., 2025; Tang et al.,
2025; Wei et al., 2025). Supervised Fine-Tuning
(SFT) endows models with basic inference capa-
bilities for chart question answering (QA) (Han
et al., 2023; Meng et al., 2024). However, col-
lecting and annotating chart reasoning QA data is
costly. Most data engineering efforts have only
constructed test sets and optionally validation sets
for evaluation (Wang et al., 2024b; Tang et al.,
2025; Masry et al., 2025a). Recent work attempted
to mitigate data scarcity by augmenting training
sets with synthetic reasoning chains or employing
code-as-intermediary strategies (Xia et al., 2025;
He et al., 2025; Jiang and Luo, 2025). However,
these approaches remain fundamentally bound by
the paradigm of mimicking given samples. In con-
trast, we employ RL to enhance chart reasoning
beyond sample mimicking.

Reinforcement Learning. RL has emerged as a
powerful paradigm that encourages models’ ex-
ploration (Shao et al., 2024; Guo et al., 2025;
Shen et al., 2025), showing potential for enhancing
chart reasoning. It can be broadly categorized into
outcome-based and process-based by the reward
acquisition. Towards chart reasoning, outcome-
based RL such as Chart-R1 (Chen et al., 2025),
BigCharts-R1 (Masry et al., 2025b), Chart-RVR
(Sinha et al., 2025), and ChartReasoner (Jia et al.,
2025), typically leverage synthetic data pipelines
to optimize VLLMs via Group Relative Policy Op-
timization (GRPO, Shao et al. 2024) using verifi-
able rewards such as answer correctness. However,
outcome-based rewards may not reflect genuine
reasoning competence, since models can produce
correct results via flawed logic or lucky errors with-
out actually learning sound reasoning strategies
(Lightman et al., 2024; Shao et al., 2025).

In comparison, Process-based RL employs
PRMs to provide feedback on intermediate steps,
effective in improving performance in mathemati-
cal domains (Wang et al., 2024a; Shao et al., 2025).
Recent work explores process-based RL for visual
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Figure 2: Statistics of failure cases in chart reasoning.
As a sample may have multiple errors, total labels (215)
exceed samples (200).

tasks (Liu et al., 2025; Luo et al., 2025), yet this
paradigm remains underexplored in chart domains.
One possible reason is the task complexity in pro-
viding reliable supervision for every reasoning step.
Therefore, our approach introduces an early visual-
perception signal that provides direct and verifiable
intermediate supervision for chart reasoning.

3 Pilot Experiment

To empirically diagnose hurdles in the reasoning
process in VLLMs, we conducted a root cause anal-
ysis on 200 (37% of 536) failure cases randomly
sampled from the validation output of Qwen3-VL-
8B-Instruct (Bai et al., 2025) in CharXiv (Wang
et al., 2024b). Guided by established reasoning
paradigms in multimodal tasks (Lu et al., 2024;
Wang et al., 2024b; Tang et al., 2025) and our em-
pirical observations of VLLM behaviors in chart
reasoning, we established a taxonomy of five er-
ror types, corresponding to the main components
of a chart reasoning pipeline: Planning (instruc-
tion decomposition and strategy formulation), Vi-
sion (description of visual features, legends, and
data values), Logic (deductive reasoning and con-
text coherence), Math (arithmetic computation and
comparative analysis), and Termination (reason-
ing conclusion and answer presentation).

The manual annotation was performed by two
Ph.D. students specializing in data science, ensur-
ing domain expertise in both visual encoding mech-
anisms and academic charting standards. Since
multiple types of errors may exist, a single sam-
ple can be assigned multiple labels. To validate the
reliability of our evaluation, we calculated the inter-
annotator agreement, yielding a Cohen’s Kappa of

x = 0.85, indicating substantial consensus. Con-
flicting labels were resolved through subsequent
discussion. Appendix A presents representative
error cases annotated and analyzed manually.

The resulting error distribution is presented in
Figure 2. Among the analyzed samples, Vision
errors constitute the majority, accounting for 163
instances. In contrast, errors attributed to Logic
(14), Planning (8), Math (6), and Termination (24)
errors are much less common. We find that the ma-
jority of Termination errors manifest as repetition
loops, where the model enters a cycle of regener-
ating the same phrase without termination. We hy-
pothesize that this structural collapse is often a sec-
ondary symptom of perceptual uncertainty: when
the model fails to ground visual features effectively,
it oscillates between conflicting tokens, leading to
endless thinking. Collectively, these findings iden-
tify visual grounding errors as a prominent source
of failure in the analyzed cases. These findings ex-
plicitly motivate our design of Chart-EARL, which
aims to rectify the foundational perceptual errors by
anchoring the reasoning process with early-stage
supervision.

4 Chart-EARL

Based on the insights from our pilot experiment,
which identified visual grounding as the primary
error type in chart reasoning, we propose Chart-
EARL. As illustrated in Figure 3, our framework
consists of two phases: (1) Reasoning Data Synthe-
sis, where a teacher model decomposes complex
queries into verifiable QA pairs to construct a train-
ing corpus; and (2) Reinforcement Learning with
Early Anchoring, where the target model is opti-
mized using a dual-objective reward mechanism
that anchors visual perception accuracy while en-
couraging complex reasoning.

4.1 Synthesis of Verifiable Visual Anchors

Standard chart datasets typically provide only the
final answer, treating the reasoning process as a
black box. As such, this paradigm lacks intermedi-
ate supervision for the foundational visual percep-
tion stage. To bridge this gap, we explicitly decou-
ple visual grounding from logical deduction when
constructing reward anchors. This decoupling is
motivated by a key observation: while abstract rea-
soning is difficult to verify, the underlying visual
facts are atomic and objective. By isolating these
facts, we can generate high-quality supervision sig-
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Figure 3: Overview of Chart-EARL. Phase 1 synthesizes structured data by decomposing queries into vision
perception, information aggregation, and final reasoning. Phase 2 utilizes a dual-objective RL framework, combining
our proposed early visual anchoring (Loop A) with standard outcome supervision (Loop B).

nals that are less prone to the noise of full-process
modeling. We employ a teacher model, Qwen3-
VL-8B-Thinking (Bai et al., 2025), to execute a
step-by-step generation process:

Step 1: Query Decomposition. The teacher model
deconstructs the initial reasoning query () into
sub-tasks. Unlike generic decomposition, this pro-
cess specifically isolates the hidden visual premises
from logical deduction.

* Visual Perception (Q)gesc). These questions tar-
get basic visual facts (e.g., “What is the value of
the blue bar?”), to establish the visual founda-
tion. We prioritize them because they represent
the verifiable basics of the chart, providing a con-
crete ground truth for subsequent RL.

* Information Aggregation ((),gg). These ques-
tions focus on the relational logic between parsed
facts (e.g., comparing two values). This stage
bridges the perception and the final deduction.

* Final Answering (Qfinal). This is a copy of the
original query (Qfina1 < @), situated at the end
of the perceptual-to-logical trajectory, to produce
the final answer.

Step 2: Answer Synthesis. The teacher model
then generates the corresponding answers A =
{Adesc, Aagg, Afina}.  We prioritize Agese as it
serves as the unambiguous reference for training.
By framing Agesc as a “visual anchor,” we ensure

that the subsequent RL optimization is grounded in
verifiable visual evidence.

Data Construction Pipeline. We initialize the
pipeline with 1,323 unlabeled samples (I, Q) from
CharXiv (Wang et al., 2024b) and 162 labeled sam-
ples (I,Q, Ag) from ChartMuseum (Tang et al.,
2025). We further downsample the generated vi-
sual perception questions to a maximum of eight
per image. After this filtering, we obtain a final
dataset of 7,017 structured tuples.

4.2 RL with Early Visual Perception

Leveraging the structured tuples derived from
Phase 1, we optimize the target VLLM policy
my via a dual-objective framework. This strategy
combines early perceptual verification with stan-
dard outcome supervision, rewarding both visual
grounding and final-answer correctness.

Early Visual Anchoring. Traditional approaches
often fail to penalize hallucinations in the early
stages of reasoning. To mitigate this shortcoming,
we introduce a supervision loop focused on the
visual perception stage. We utilize the synthesized
early vision perception QA pairs (Qgesc, Adesc) as
anchors. During training, the model is prompted to
answer these visual questions. Since Agesc contains
facts (e.g., specific values or labels), the alignment
between the model’s prediction and Agegc serves as



a reliable, verifiable process reward signal Rgesc.
This mechanism guides the model to accurately
ground visual features before attempting complex
derivations.

Final Outcome Supervision. Complementing the
early anchoring, we maintain the standard outcome-
based supervision common in reasoning tasks. The
model is prompted with the complex reasoning
question Qfnq to generate a full reasoning chain
and a final answer. The correctness of this final an-
swer with respect to the ground truth Agy, provides
the outcome reward signal Rgp,.

4.3 Reward Design & Optimization

To efficiently guide the model towards accurate
visual perception and logical reasoning, we design
a verifiable reward and optimize the policy using
GRPO (Shao et al., 2024).

Accuracy Reward. Instead of relying on rigid
string matching or heuristic rules, which often fail
to capture format variations (e.g., “20%” vs. “0.2”),
we follow previous work (Wang et al., 2024b; Tang
et al., 2025) and employ a model-based verifier.
Since both early visual facts and final answers typi-
cally consist of concise numbers, words, or short
phrases, the verification does not require computa-
tionally expensive models. Therefore, we utilize
Qwen3-VL-8B-Instruct as an efficient judge to eval-
uate the semantic consistency between prediction
and ground truth, assigning 1 for a match and O oth-
erwise. For each sample, we simply sum the early
visual reward and the final outcome reward before
GRPO optimization, i.e., R; = Rgese + Rfinal-
Optimization via GRPO. We employ GRPO to
optimize the policy mg. For each query (), we sam-
ple a group of output items {0;}¥ . The objective
maximizes the advantage-weighted likelihood:

1~ (i)

TO==1g = M0,4(0i| Q)

ey

where the advantage A; is computed by normaliz-
ing the reward R; within the group. This relative
comparison stabilizes training by encouraging the
output items that outperform the group average.

5 Experiment

Setup. Experiments were conducted on three
benchmark datasets: CharXiv-RQ (Wang et al.
2024b, 1,000 samples), ChartMuseum (Tang et al.
2025, 1,000 samples), and ChartQA-Pro (Masry

et al. 2025a, 1,950 samples). These datasets pro-
vide diverse chart types and challenging ques-
tions that require complex reasoning from VLLMs
to derive accurate answers. For synthetic data
construction, we utilized question-only data from
CharXiv and the development set of ChartMuseum.
These synthesis seeds are instance-disjoint from the
CharXiv-RQ and ChartMuseum evaluation sam-
ples, and no synthesis data is drawn from the
ChartQA-Pro evaluation set. We adopted the same
protocol as the original benchmarks, where GPT-40
with a sophisticated judge prompt was employed to
evaluate the semantic consistency between model
predictions and ground truths. Accuracy was used
as the final evaluation metric.

Implementation Details. We used Qwen3-VL-
8B-Instruct as the main training backbone unless
otherwise specified. To balance efficiency and per-
formance, during the training process, the maxi-
mum input length was set to 4,096, and the maxi-
mum response length to 1,024. During evaluation,
the maximum response length is 2,048 to support
longer reasoning. Each response was sampled 8
times during training. The temperature was set
to 0.8 to balance output stability and exploration,
keeping other sampling parameters at default val-
ues. We used AdamW with a constant learning rate
of le-6 for optimization. The number of epochs
was empirically set to 5 to ensure sufficient RL
training. Following common RL practices (Chen
et al., 2025; Jia et al., 2025), we performed SFT
first for cold start, and empirically set the number
of epochs to 3.

All experiments were run on two NVIDIA A100
80G GPUs, with a global training batch size of
64 (8 per GPU and 4 gradient accumulation steps).
Model parameter offloading to the CPU was en-
abled to fit larger model sizes under hardware con-
straints. The additional backbone and teacher-scale
studies follow the same training recipe unless oth-
erwise noted. We adopted vLLM (Kwon et al.,
2023) to accelerate model rollout and evaluation.
Under this setup, training the 8B-parameter model
took approximately 90 hours. The hyperparame-
ters were mostly inherited from the mainstream
framework VERL, with minor adjustments based
on dataset scale and computational resources.

5.1 Comparison with Baselines

For a comprehensive evaluation, we compare our
model with three categories of baselines: (1)
commercial models: GPT-4.1 (Achiam et al.,



CharXiv(RQ) ChartMuseum ChartQA-Pro Average
Proprietary
GPT-4.1 56.7 52.4 46.56 51.89
Gemini-2.5-Flash 56.7 59.2 53.69 56.33
Claude-3.7-Sonnet 64.2 60.3 55.85 60.12
General-Domain & Open-Source
InternVL3.5-8B 44.4 34.6 42.76 40.59
InternVL3.5-38B 47.1 38.1 48.41 44.54
Qwen3-VL-4B-Instruct 39.7 37.7 46.56 41.32
Qwen3-VL-8B-Instruct 46.4 39.5 49.44 45.11
Qwen3-VL-8B-Thinking 53.0 44.2 49.54 4891
Chart-Domain

TinyChart 8.3 12.5 13.25 11.35
BigCharts-R1 413 - - -

ChartReasoner — - 39.97 -

Bespoke-MiniChart 454 34.0 45.36 41.59
Chart-R1 46.2 34.8 44.48 41.83
Chart-EARL-8B 55.1 45.6 53.59 51.43

Table 1: Performance comparison of different models on chart reasoning tasks.

2023), Gemini-2.5-Flash, Claude-3.7-Sonnet (An-
thropic, 2025); (2) general open-source models:
InternVL3.5 (Wang et al., 2025, 8B/38B), Qwen3-
VL (4B/8B); (3) chart-specific models: TinyChart
(Zhang et al., 2024), BigCharts-R1 (Masry et al.,
2025b), ChartReasoner (Jia et al., 2025), Bespoke-
MiniChart, Chart-R1 (Chen et al., 2025). We report
the performance of Chart-EARL built upon Qwen3-
VL-8B, whose model size is comparable to that of
the open-source baselines.

Comparison with General Models. Chart-EARL
substantially improves the performance of its back-
bone, lifting Qwen3-VL-8B-Instruct’s average ac-
curacy from 45.11% to 51.43%. Notably, our 8B
model not only surpasses the reasoning-enhanced
Qwen3-VL-8B-Thinking (48.91%) but also out-
performs the significantly larger InternVL3.5-38B
(44.54%). This suggests that targeted visual anchor-
ing in RL can be an effective way to improve chart
reasoning beyond relying only on model scaling or
generic test-time computation.

Comparison to Chart Models. Compared to
specialized baselines, Chart-EARL achieves the
strongest average performance among the evalu-
ated chart-specific models, outperforming the re-
cent outcome-based RL method Chart-R1 by nearly
10 points on average (51.43% vs. 41.83%). Fur-
thermore, methods ChartReasoner and BigCharts-
R1 show uneven performance across benchmarks.
These comparisons indicate that verifiable early
rewards provide useful guidance for chart-domain
RL.

Comparison to Commercial Models. Chart-
EARL narrows the gap with some proprietary sys-
tems, achieving performance close to GPT-4.1 in
our evaluation (51.43% vs. 51.89%). While a per-
formance gap remains with Gemini-2.5 and Claude-
3.7, these results show that open-source models can
obtain competitive chart reasoning performance
through targeted visual anchoring. To illustrate
how early visual anchoring helps prevent percep-
tual errors from propagating to the final answer,
we provide a representative qualitative case in Sec-
tion 5.7.

5.2 Transfer to Different Backbones

To assess whether Chart-EARL can transfer be-
yond the Qwen3-VL family, we apply the same
training pipeline to InternVL3.5-8B. As shown in
Table 2, Chart-EARL delivers consistent gains on
InternVL3.5-8B (+7.23 avg.), suggesting that the
early anchoring mechanism can transfer to a differ-
ent vision-language backbone. The improvement
is visible across all three benchmarks, making it
less likely that the gains come only from a single
dataset or Qwen-specific training behavior.

We further apply Chart-EARL to the stronger
Qwen3-VL-8B-Thinking model to examine
whether the benefit extends beyond the weaker
instruct backbone. As shown in Table 2, Chart-
EARL still yields a clear improvement on the
thinking model (+3.34 avg.). Although the gain is
smaller than on the instruct model, partly due to
the self-generated supervision setting, this suggests
that even with stronger reasoning ability, explicit
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Figure 4: Performance breakdown across different
model scales (2B, 4B, 8B). The stacked bars rep-
resent accuracy on benchmarks (color-coded). The
hatched lower portion represents the baseline perfor-
mance, while the solid upper portion denotes the ab-
solute performance gain contributed by Chart-EARL.
The overlaid lines depict the average accuracy trend,
contrasting the baseline (dashed line) with our method
(solid red line).

visual anchoring remains useful.

5.3 Impact of Model Size

To examine scalability, we apply Chart-EARL to
the Qwen3-VL family at 2B, 4B, and 8B scales.
As shown in Figure 4, Chart-EARL consistently
improves over the corresponding baseline, with av-
erage accuracy increasing from 36.34 to 51.43 as
model size grows. The gains are most pronounced
on CharXiv and ChartMuseum, likely because the
synthesis seeds are derived from these datasets. Im-
provements on ChartQA-Pro, which is unseen dur-
ing synthesis, further support the effectiveness of
our method on an unseen benchmark. Together
with the backbone study above, this result sug-
gests that visual-anchor supervision remains useful
across model families and capability levels, while
the gain size depends on the starting model’s visual
and reasoning capacity.

5.4 Ablation Study

We evaluate the performance of different training
strategies on the Qwen3-VL-8B model across three
benchmarks. The strategies under comparison in-
clude the vanilla Qwen3-VL-8B baseline, 1) SFT
with the synthetic data (denoted as w/ SFT), 2)
RL leveraging intermediate information aggrega-
tion signals (L2 in Figure 3, denoted as w/ Only
Info. Aggr. RL), 3) RL using only early vision
supervision signals (w/ Only Vision RL), 4) RL
leveraging only outcome supervision signals (w/
Only Outcome RL), 5) directly providing the syn-

thesized visual anchors as prompt context without
RL optimization (w/ Prompted Visual Anchors),
6) using the same teacher model as a process re-
ward model to score the entire reasoning process
for RL (w/ PRM-style RL), and 7) our proposed
EARL method, which integrates both early vision
and outcome supervision in RL.

As shown in Table 3, SFT with synthetic data
(w/ SFT) yields consistent performance improve-
ments over the base model Qwen3-VL-8B-Instruct.
Notably, reinforcement learning using only inter-
mediate information aggregation signals (w/ Only
Info. Aggr. RL) fails to provide a significant perfor-
mance boost. This marginal impact suggests that
the primary reasoning errors do not reside in the
information aggregation stage. Furthermore, the
synthetic nature of the aggregation signals may in-
troduce noise, which potentially offsets the benefits
of the supervision. While early vision signals face
similar synthetic noise challenges, they are more
perceptually direct and easier to verify than abstract
aggregation logic. Additionally, outcome supervi-
sion provides a more reliable signal that anchors
the reasoning trajectory to the final evaluation pro-
cess, maintaining consistency with the evaluation
phase. The prompted-anchor variant brings only
a modest gain, indicating that directly providing
visual facts as prompt context is less effective than
optimizing with reward anchors in our setting. The
PRM-style variant performs worse than the back-
bone, consistent with the reward-hacking issue dis-
cussed in Appendix F. Overall, the strongest result
comes from combining early visual rewards with
final outcome rewards; prompted anchors or PRM-
style scoring alone is weaker. To further examine
the data construction choices, we analyze the effect
of the maximum number of visual anchors and the
teacher model scale in Appendix D and E.

5.5 Time Efficiency

To evaluate the efficiency of Chart-EARL, we com-
pare it against the baseline thinking-based models
at 4B and 8B scales in Table 4. Together with the
accuracy results above, these efficiency numbers
show that Chart-EARL improves over the Qwen3-
VL-Thinking models while requiring significantly
fewer output tokens. The substantial reduction in
response length directly translates to higher infer-
ence throughput, nearly doubling the processing
efficiency on a per-sample basis. By prioritizing re-
liable visual perception from the start, Chart-EARL
provides a more streamlined and computationally
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Table 2: Performance of Chart-EARL across different backbone families and capability levels.

CharXiv (RQ) ChartMuseum ChartQA-Pro Average
Qwen3-VL-8B-Instruct 46.4 39.5 49.44 45.11
w/ SFT 494 41.5 50.67 47.19
w/ Only Info. Aggr. RL 47.1 38.2 49.90 45.07
w/ Only Vision RL 51.2 423 52.05 48.52
w/ Only Outcome RL 50.1 42.6 51.38 48.03
w/ Prompted Visual Anchors 48.5 41.1 49.59 46.40
w/ PRM-style RL 46.1 38.9 49.03 44.68
w/ Chart-EARL 55.1 45.6 53.59 5143

Table 3: Ablation results.

Model #Tokens Time (s)
Qwen3-VL-4B-Thinking 1339.34 1.61
Chart-EARL-4B 642.79 0.83
Qwen3-VL-8B-Thinking 1255.71 2.57
Chart-EARL-8B 618.27 1.25

Table 4: Efficiency comparison (avg. per sample). #To-
kens: avg. output tokens.

cost-effective solution for complex chart reasoning.

5.6 Categorical Error Mitigation

To quantify the impact of our early anchoring mech-
anism, we re-examined the 200 failure cases identi-
fied in our pilot experiment using Chart-EARL. By
applying Chart-EARL-8B to these specific samples,
we identified which of the five error categories were
most improved. This tracking allows us to pinpoint
the categories of questions on which early-stage
anchoring learning provides the largest reasoning
recovery. Figure 5 visualizes the results. Notably,
24 previously failed cases classified as Vision Er-
ror were successfully rectified, marking the most
substantial gain among all categories. This im-
provement also cascaded into the Termination (7
corrected) and Logic (3 corrected) dimensions. The
results suggest that enhanced visual grounding can
stabilize the entire reasoning trajectory and prevent
secondary issues like endless generation.

To further analyze the efficacy of Chart-EARL,
we manually checked the 163 vision-related fail-
ure samples and found two primary error sources.
The first is Element Misidentification (Mis. Idt.),
where the model misidentifies the target due to clut-

tered features (colors, markers, patterns) or mul-
tiple elements. The second is Value Estimation
Error (Val. Est.), which occurs when values are
not explicitly or clearly labeled. In these cases,
the model must estimate values, which requires
a higher level of perception skill. As shown in
the detailed breakdown of Figure 5, Chart-EARL
successfully corrected 36.7% (18/49) of Element
Misidentification cases. This success comes from
Chart-EARL strengthening foundational grounding
such as mapping colors to categories and identify-
ing that a subplot contains a specific element to
make target positioning more accurate. While this
shows a clear improvement, many cases remain
unresolved, suggesting that further gains may de-
pend on larger model sizes and more training data
to bolster foundational visual capabilities. In con-
trast, only 5.3% (6/114) of Value Estimation Error
cases were corrected. While also limited by model
capacity, it may need specialized training and mech-
anisms to develop estimation skills for scenarios
where values are not explicitly presented.

5.7 Case Study

To illustrate the practical impact of our approach,
we present a qualitative comparison between the
baseline Qwen3-VL-8B-Instruct and Chart-EARL
in Table 5. The example, sourced from the CharXiv
dataset, requires the model to identify which sub-
plot (a—d) exhibits a different split direction be-
tween data points. As shown in the reasoning
traces, the baseline model suffers from significant
perceptual hallucinations during the initial parsing
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Figure 5: Breakdown of samples corrected by Chart-
EARL vs. remaining errors within 200 sampled errors
in the pilot experiment.

phase. It incorrectly identifies subplot (b) as having
a vertical split and subplot (c) as horizontal, lead-
ing to an erroneous final conclusion. In contrast,
Chart-EARL accurately anchors its reasoning in
the correct visual facts. By identifying the horizon-
tal lines in subplots (a), (b), and (d) and the vertical
orientation in subplot (c), Chart-EARL success-
fully avoids propagating initial errors and arrives at
the correct answer. This case illustrates how early
visual anchoring can reduce error propagation in
chart reasoning.

6 Conclusion

We focus on the visual grounding step in chart rea-
soning. Guided by our pilot study, which revealed
that most failures stem from initial perceptual hal-
lucinations rather than logical flaws, we propose
Chart-EARL. By decoupling visual extraction from
reasoning, our method anchors the reasoning pro-
cess with early and verifiable visual rewards. This
strategy enables VLLMs to achieve higher accuracy
across complex chart reasoning benchmarks.

Acknowledgment

We sincerely appreciate the comments and sugges-
tions of reviewers and the area chair, which help
improve this work. This work was supported by
a start-up grant at the Hong Kong University of
Science and Technology (Guangzhou).

Limitations

We discuss the limitations and potential improve-
ments of our work on three aspects.

Data Scale and Diversity. Driven by the princi-
ple that data quality supersedes quantity (Li et al.,
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Question. Which subplot has a different split direction for
the blue/green points compared to the other ones?
Ground Truth. (c)

Qwen3-VL-8B-Instruct.

Subplot (a): There is a clear horizontal split...

Subplot (b): There is a clear vertical split...

Subplot (c): There is a clear horizontal split...

Subplot (d): There is a clear horizontal split...

...While subplots (a), (c), and (d) are split horizontally,
subplot (b) is split vertically. Thus, the split direction in
subplot (b) is different from the others. \boxed{(b)}

Chart-EARL-8B.

Subplot (a): There is a clear horizontal grey line that sepa-
rates the blue points (below the line)...

Subplot (b): There is also a clear horizontal grey line...

Subplot (c): There is a clear vertical grey line...

Subplot (d): There is a clear horizontal grey line...
...Subplot (c) is the only one where the split between the
blue and green points is vertical, while the other three sub-
plots (a, b, and d) all show a horizontal split. Therefore, the

subplot with a different split direction is (c). \boxed{(c)}

Table 5: A case study.

2024), we utilize a focused set of high-quality seed
charts to maximize the efficacy of Chart-EARL. Al-
though the synthesis seeds and evaluation instances
are disjoint, the current scaffold is derived from a
limited set of benchmark-style chart data due to our
resource constraints. Future work could scale up
high-quality real-world charts to improve diversity
and evaluate broader deployment settings.
Process Supervision. Our current approach relies
on synthesized descriptive QA pairs to implicitly
anchor early visual perception through verifiable
feedback. A more flexible and granular alternative
would be a dedicated PRM capable of evaluating in-
termediate visual and reasoning steps. While train-
ing a robust PRM for multimodal tasks is resource-
intensive, it remains a compelling direction for fu-
ture research.

Visual Grounding. Despite the improvements
from early anchoring, RL is still constrained by
the inherent perception capabilities of VLLMs. In



scenarios involving dense data or complex visual
layouts, the model may fail to generate correct
descriptive answers to obtain rewards, thereby hin-
dering the RL process. Future work could explore
enhancing the model with external tools to provide
more accurate signals.

Metadata-Grounded Chart Synthesis. An al-
ternative approach is to render training charts di-
rectly from structured metadata, which can pro-
vide deterministic supervision for chart labels, val-
ues, and other visual attributes. In our initial ex-
ploration, however, metadata-based rendering pro-
duced charts with visual quality, complexity, and
stylistic diversity lower than naturally occurring
benchmark charts. We therefore do not rely on
metadata-based rendering in the current pipeline.
Future work could explore rendering engines pro-
ducing charts of higher realism, richer chart tem-
plates, or hybrid synthesis strategies that combine
reliable metadata grounding with greater visual di-
versity.

Ethical Considerations

All data for synthesis and evaluation used in this
work are publicly available, complying with the
usage protocols of the original data providers. No
personally identifiable information was collected
or used in this study.
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Question. How many days show a closing price equal to
or above 50?7
Ground Truth. 4

Qwen3-VL-8B-Instruct.

Step 1: Look at the candlestick chart with price on the
vertical axis (Y-axis) and date on the horizontal axis (X-
axis).

Step 2: The price scale goes up to 50, and we need to count
days where the closing price is > 50.

Step 3: In candlestick charts, the closing price is repre-
sented by the end of the body (not the wick).

Step 4: Looking at the top of the chart, the highest price
level shown is 50, and no candlestick body reaches or
exceeds 50.

Step 5: The red and blue candlesticks all fall below 50,
and the highest point on the chart is just below 50.

Step 6: Therefore, no day has a closing price equal to or
above 50.

\boxed {0}

Table 6: A case of “planning error”.

A Error Examples

In this appendix, we present several representative
error cases to illustrate our manual annotation on
the root cause analysis. These examples demon-
strate how the proposed five-category taxonomy
covers common failure patterns in chart reasoning.
Case 1: Misguided Reasoning Path in Planning.
As illustrated in Table 6, the failure originates from
a fundamental error at the Planning stage. Instead
of correctly identifying the bottom line chart as the
primary data source, the model mistakenly anchors
its initial analysis on an irrelevant subplot. This
foundational misstep causes the entire reasoning
trajectory to deviate from the intended track, and
the subsequent reasoning steps are directed toward
an incorrect objective. This ultimately leads to a
wrong conclusion.

Case 2: Visual Perceptual Failure. As shown in
Table 7, the model establishes a valid Planning strat-
egy by correctly identifying the need to compare
line trajectories across various subplots to deter-
mine the steepest decline. However, the reasoning
chain collapses due to a significant Vision error
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Question. What is the smallest number in terms of vert.
shuff in HO where one can see a significant drop in power
at larger value of number of vertices shuffled in H1?
Ground Truth. 400

Qwen3-VL-8B-Instruct.

Looking at the six charts, each shows power loss as a
function of the number of vertices shuffled in H1, for
different values of eps and different numbers of vertices
shuffled in HO (20, 50, 200, 300, 400).

The question asks for the smallest number in terms of vert.
shuft in HO where one can see a significant drop in power
at larger values of vertices shuffled in H1.

A "significant drop in power" means the power value (y-
axis) decreases sharply.

Examining each chart:

For eps = 0.01, 0.02, 0.03: All curves (for HO=20, 50,
200, 300, 400) show a peak around 200-300 vertices

shuffled in H1, followed by a drop. The drop is most
pronounced for HO=20 (purple line), which drops sharply
after 300.

For eps =-0.01, -0.02, -0.03: Same pattern. The HO=20
curve (purple) again shows the most significant

drop after 300 vertices shuffled in HI1.

The smallest number of vertices shuffled in HO where this
significant drop is visible is 20.

\boxed {20}

Table 7: A case of “vision error”.

during the execution of this plan. Specifically, the
model misidentifies the curve labeled A = 20 as ex-
hibiting a sharp decrease within the = € [200, 300]
interval, whereas the curve actually present in that
region is h = 400. The A = 20 line does not even
extend into this range, illustrating a clear failure in
visual grounding and spatial attribute recognition.
This error in the visual signal directly led to the
wrong answer.

Case 3: Logical Inconsistency. As shown in Table
8, the model fails to maintain a coherent reasoning
throughout its multi-step analysis. While the model
correctly initiates the task by identifying the three
subplots in the first row and accurately describing

2nd Color Point Measure

2nd Color Point Measure

2nd Color Point Measure

2nd Color Point Meastre

—0.01 -0.01

Main Color Point Measure Main Color Point Measure

Rework s Tue o Faise

Question. In how many charts does the orange data cluster
have only one clear boundary with the blue cluster?
Ground Truth. 6

Qwen3-VL-8B-Instruct.

We are to count how many of the 12 charts show the orange
data cluster with only one clear boundary with the blue
cluster.

Step 1: Examine each chart row by row.

Row 1 (rewrk_policy_O,
work_policy_2):

All three show a clear vertical split, with orange and blue
clusters separated by a single boundary (approximately at
x=0). This counts as 3.

rework_policy_1, =re-

Row 2 ( CATE ID, CATE 2D, Depth-1 Tree ):

CATE ID: Clear vertical split — 1.
CATE 2D: Clear vertical split — 1.
Depth-1 Tree: Clear vertical split — 1.
— Total for row 2: 3.

Row 3 ( CATE ID, CATE 2D, Depth-1 Tree ):

\boxed{12}

Table 8: A case of “logic error”.

their visual characteristics, it fails to sustain this
systematic approach in subsequent stages. Instead
of following the established row-wise analysis for
the second and third rows, the model’s logic be-
comes inconsistent as it shifts to a column-wise
evaluation (column names “CATE ID, CATE 2D,
Depth-1 Tree”). This logical collapse leads to a
miscount of the target features, resulting in a faulty
final conclusion.

Case 4: Mathematical Error. As presented in
Table 9, the reasoning process is well-designed
and the visual features are correctly identified
throughout the analysis. The model accurately per-
forms the intermediate calculations and summa-
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Question. Adding up all numbers in each individual col-
umn, which column achieves the smallest total value?
Ground Truth. DIOE

Qwen3-VL-8B-Instruct.

To find the column with the smallest total, we must sum
each column’s values.

Step 1: Identify all column headers: DACE, DACR,
DAEO, DAOR, DICE, DICR, DIOE, DIOR, WACE,
WACR, WAOE, WAOR, WICE, WICR, WIOE, WIOR.

Step 2: Sum each column.
DACE:45+4.6+53+53+48=24.5

BICE: 09+09+1.1+1.0+09=48
DICR: 1.1+0.7+15+13+13=69
DIOE: 1.1+0.9+0.7+0.7+ 0.6 =4.0
WIOR: 242 +185+245+27.0+23.4=117.6

Step 3: Compare totals.

The smallest total is 24.5 , which belongs to the DACE
column.

Final Answer: \boxed{DACE}

Table 9: A case of “math error”.

tions. However, an implicit mathematical error oc-
curs during the comparative stage. Despite having
previously identified and verbalized several smaller
values in its own chain of thought, the model erro-
neously concludes that 24.5 is the minimum value,
leading to the wrong answer.

Case 5: Termination Failure. As illustrated in
Table 10, the model exhibits an Integrity error char-
acterized by a persistent repetition loop within its
reasoning process. Although the initial planning
and visual extraction appear promising, the model
falls into a cycle of redundant self-reflection, gen-
erating many phases of rethinking (“Wait...”’). This
causes the output to expand repeatedly, eventually
exceeding the predefined maximum token length
before reaching a final answer.

B LLM Judge Justification

During RL training, we use Qwen3-VL-8B-Instruct
as an efficient LLM judge to provide rewards by
checking semantic consistency between predic-
tions and references. This model-based reward
introduces extra computation compared with exact
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Accident Frequency

Question. What is the accident frequency where the width
of the interquartile range in driver age differs the most?
Ground Truth. 2

Qwen3-VL-8B-Instruct.

We are to find the accident frequency where the interquar-
tile range (IQR) of driver age differs the most between
genders.

Step 1: Understand IQR. The IQR is the width of the box
in a boxplot, from Q1 to Q3.

Step 2: Examine the leftmost boxplot (Driver Age) at each
accident frequency level (0, 1, 2).

At accident frequency = 0:

Female (red): IQR ~ 50 to 60 — width ~ 10

Male (blue): IQR = 55 to 65 — width =~ 10

— Difference ~ 0

At accident frequency = 1:

Female: IQR =~ 50 to 60 — width =~ 10

Male: IQR ~ 55 to 70 — width =~ 15

— Difference ~ 5

At accident frequency = 2:

This suggests the max difference is 5. But let us re-examine
the boxplots more carefully.

Wait...
Wait...
Looking at the leftmost chart (Driver Age), at accident

frequency = 1:

Female  # Comment: Incomplete output

Table 10: A case of “integrity error”.

match or rule-based matching, but it is more accu-
rate for common answer variations such as LaTeX
forms, rounding, unit conversion, formatting wrap-
pers, and short paraphrases. For example, when
the reference answer is lambda_L = 0.13, pre-
dictions such as \lambda_L = ©.13 or Answer:
$lambda_L = 0.13$ should receive positive re-
wards, while exact matching would incorrectly re-
ject them. For final benchmark evaluation, we fol-
low the original benchmark protocols and use GPT-
40 as the judge. To further check the reliability of
this final evaluation judge, two annotators manually
verified 400 sampled cases, including 200 predic-
tions judged incorrect and 200 judged correct by
the LLM judge. No obvious misjudgments were
found in either split (Table 11).



Split # Result

ity and practical efficiency. To examine whether a

Negative (judged incorrect)
Positive (judged correct)

200  No obvious misjudgment Stronger teacher further improves performance, we
200  No obvious misjudgment additionally test Qwen3-VL-30B-A3B-Thinking as

Table 11: Manual validation of LLM judge.

C Impact on General Multimodal
Capability

A potential concern is whether intensive chart-
specific RL training affects general multimodal
capabilities. To investigate this, we evaluate Chart-
EARL-8B on MMMU (Yue et al., 2024), a broad
multimodal understanding benchmark, and com-
pare it against the Qwen3-VL-8B-Instruct back-
bone (Table 12). Chart-EARL drops by 3.7 points
(69.6% — 65.9%), indicating a trade-off with gen-
eral multimodal performance.

Model MMMU (Acc. %)
Qwen3-VL-8B-Instruct 69.6
Chart-EARL-8B 65.9

Table 12: General multimodal capability comparison on
MMMU. Chart-EARL shows improved chart reasoning
but lower MMMU performance than the backbone.

D Ablation on Visual Anchor Count

The data construction pipeline filters visual per-
ception questions to a maximum of K anchors per
image. To study the effect of this choice, we vary
K € {4,8,12} while keeping all other settings
fixed (Figure 6). K = 8 gives the best average
result; K = 4 provides less supervision; perfor-
mance slightly drops at K = 12, likely due to
redundancy or weaker anchors.
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60 q

ChartMuseum =#— ChartQA-Pro == Average

Accuracy (%)
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(=} o

=~
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4 8 12
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Figure 6: Performance under different maximum num-
bers of visual anchors per image.

E Effect of Teacher Model Scale

In our main experiments, we use Qwen3-VL-8B-
Thinking as the teacher to balance supervision qual-

the teacher (Table 13). The stronger teacher adds
+1.07 average points with a substantially higher
cost, so we keep the 8B teacher model, which is
more cost-effective, as the default.

F Design Considerations and Failed
Explorations

In this section, we document the empirical design
choices and unsuccessful trials encountered during
the development of our framework. By sharing
these empirical choices, we hope to accelerate fu-
ture advancements in visual reasoning and save the
community valuable time and effort.
PRM Supervision. We attempted to employ a
PRM to directly supervise the early visual percep-
tion phase within the reasoning trajectory. Our
core assumption was that verifying these initial
perceptual steps would be easier than evaluating
the final complex logical outcome. This approach
seemed particularly promising given the scarcity
of human annotated process data for chart reason-
ing. However, it is observed that the target VLLMs
developed specialized linguistic patterns to exploit
the PRM. This reward hacking phenomenon ren-
dered the training process ineffective and failed
to yield meaningful improvements in actual visual
grounding.
Self Distillation. We also explored a self-
distillation (or named self-revolution) setup to gen-
erate training data and reward signals by the target
model itself. However, this approach did not yield
the expected performance gains during our exper-
iments. The inherent capability limits of the base
model hindered the synthesis of highly reliable
training samples. Consequently, the autonomously
generated data failed to provide correct and ro-
bust supervision signals required for reinforcement
learning. Future explorations of this setup may re-
quire novel mechanisms to guarantee the reliability
of the supervision signals.

Overall, the reliability of supervision signals is
a fundamental principle for RL. Future research
should prioritize establishing high-quality feedback
mechanisms to ensure training effectiveness.

G Prompts

Figures 7 ~9 present the prompts for question an-
swering, synthetic data generation, and correctness



Setting CharXiv (RQ) ChartMuseum ChartQA-Pro

Qwen3-VL-8B-Instruct 46.4 39.5 49.44
w/ Qwen3-VL-8B-Thinking teacher (ours) 55.1 45.6 53.59
w/ Qwen3-VL-30B-A3B-Thinking teacher 56.2 47.2 54.10

Table 13: Effect of teacher model scale on Chart-EARL performance.

Prompt for Answering

Please answer the question using the chart image.

Please first generate your reasoning process and then
provide the user with the answer.
The final answer should be wrapped in \boxed.

Figure 7: Prompt for answer given reasoning question.

evaluation.

H Usage of Generative Al

We use Gemini and ChatGPT for the purpose of cor-
recting grammar, enhancing expressions, and assist-
ing programming. In our research, we employed
generative models for data synthesis, which consti-
tute one module of our methods aiming at training
a model for chart reasoning. Importantly, we clar-
ify that the code implementations were checked by
humans.



Prompt for Data Synthesis via Decomposing questions and answering.

You are a Chart Analyzing Expert.

Step 1: Decompose the question into sub-questions. Each sub-question should be simple and short. This decomposition
should be in three levels in order:

a) (Description) Sub-Questions that can be directly described from the chart. Each question should focus on one subplot
or element, as fine-grained as possible. There should not be any information overlap on the focus of different questions.
This level does not involve any aggregation of information such as comparison, calculation, or the like.

b) (Information Aggregation) Sub-Questions that should be answered based on both the chart and those answers to
questions in a).

¢) (Final) Sub-Questions that can directly indicate the final answer to the original question.

Step 2: Answer each sub-question.
Step 3: Provide the final answer with a short and concise word or phrase, wrapped in \boxed.

Output strictly in Markdown Format:
## Question Decomposition

Level A:

1. ..

2. ..

Level B:
1. ...
2. ...

Level C:
1. ..
2. ...

## Sub Answers
Level A:

1. ..

2. ...

Level B:
1. ..
2. ...

Level C:
1. ..
2. ...

## Final Answer
\boxed{final_answer}

Figure 8: Prompt for synthetic data generation via question decomposition and answering.



Prompt for Evaluation

You are provided with question, ground truth, and prediction. Please determine if these answers are equivalent.
Please only respond with:

- "Yes" if the ground truth and prediction are fully equivalent.

- "No" if the ground truth and prediction are different, or if the prediction is invalid.

Follow these guidelines:

1. Numerical Comparison: - For decimal numbers, consider them as equivalent if their relative difference is sufficiently
small.

For example, the following pairs are equivalent:

-32.35 and 32.34

- 90.05 and 90.00

- 83.3% and 83.2%

-31and 31%

The following pairs are not equivalent:

-32.35 and 35.25

-90.05 and 91.05

- 83.3% and 45.2%

If there is "approximately"” in the ground truth, increase the tolerance.

2. Unit Handling: - If only one answer includes units (e.g. ’$’, "%’, ’-’, etc.), ignore the units and compare only the
numerical values.

For example, the following pairs are equivalent:

- 305 million and 305 million square meters

-0.75 and 75%

- 0.6 and 60%

- $80 and 80

- 60B and 60

- 25 and 25%

The following pairs are not equivalent:

- 305 million and 200 million square meters

-0.75 and 0.90

3. Text Comparison: - Ignore differences in capitalization and punctuation.

- Treat mathematical expressions in different but equivalent forms as the same (e.g., "2+3" ="5", "fifty six" = "56.0")

Question:

<QUESTION>
Ground Truth:
<ANSWERI1>

Prediction:
<ANSWER2>

Figure 9: Prompt for evaluate answer by comparing it with ground truth.
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