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ABSTRACT

The capabilities of Large Vision-Language Models (LVLMs) have reached state-
of-the-art on many visual reasoning tasks, including chart reasoning, yet they still
falter on out-of-distribution (OOD) data, and degrade further when asked to pro-
duce their chain-of-thought (CoT) rationales, limiting explainability. We present
Chart-RVR, a general framework that fine-tunes LVLMs to be more robust and
explainable for chart reasoning by coupling Group Relative Policy Optimiza-
tion (GRPO) with automatically verifiable rewards. Our framework comprises
of three rewards that maximize: (i) correct chart-type classification, (ii) faith-
ful chart table reconstruction, and (iii) process conformity. Applied to 3-billion-
parameter LVLMs, Chart-RVR consistently outperforms standard supervised fine-
tuning (SFT) on both in-distribution and out-of-distribution datasets, closing the
OOD performance gap while improving rationale fidelity. The resulting models,
the Chart-RVR-3B series, achieve state-of-the-art results on six chart-reasoning
benchmarks spanning in-domain and OOD settings, surpassing all existing mod-
els of comparable size. Beyond accuracy, Chart-RVR yields more interpretable
CoT rationales, strengthening trust and reliability - showcasing the power of veri-
fiable rewards with GRPO for training reliable, interpretable chart-reasoning mod-
els. The code can be found at https://anonymous.4open.science/r/
chart-rvr-730D for reproducibility.

1 INTRODUCTION

Charts are a cornerstone of visual communication and are widely used in finance, healthcare, public
policy, and beyond. Experts and non-experts alike rely on them to make judgments that shape policy,
allocate resources, and drive strategic investments. Automating the interpretation of such figures is,
therefore, a high-value AI problem. Unlike natural images, often described by high-level semantics
(e.g., “a dog on a table”), charts encode information through precise spatial and numerically aligned
relationships. Chart reasoning is inherently entangled: structured data representations are tightly
interwoven with visual design choices. Consequently, any chart-reasoning model must disentangle
these components during decision making. Large Vision–Language Models (LVLMs), pre-trained
on billions of image–text pairs, have demonstrated good performance on general visual question-
answering benchmarks, including chart reasoning.

Although pre-trained LVLMs are successful on chart reasoning benchmarks, recent studies (Islam
et al., 2024) reveal two systematic weaknesses. First, even when an LVLM answers in-distribution
(ID) chart questions correctly, its performance significantly collapses on out-of-distribution (OOD)
datasets that differ only in visual style, color palette, etc. Second, and more importantly, attempts to
elicit model rationales via chain-of-thought (CoT) prompting not only fail to improve accuracy but
often harm it (Zhang et al., 2025a; Turpin et al., 2023), generating incoherent or hallucinated reason-
ing traces. This brittleness undermines trust, as a system that cannot explain the reasoning process
is unlikely ever to be widely adopted by stakeholders, no matter how impressive its predictive ac-
curacy. This problem is particularly severe in relatively smaller LVLMs (2–3 billion parameters),
which are more likely to be used in edge devices and for efficient chart understanding.
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To alleviate these problems, current state-of-the-art approaches (Masry et al., 2025b; Carbune et al.,
2024; Zhang et al., 2024) utilize supervised fine-tuning (SFT) with labeled chart datasets consisting
of questions and step-by-step answer computation traces to improve LVLMs on chart reasoning.
However, these methods have moderate success in generalizing to OOD data, and most methods
underperform their untrained counterparts, implying that SFT decreases generalizability in chart
LVLMs. This behavior is a direct consequence of SFT’s goal, maximizing the likelihood of human
demonstrations, which incentivizes token-level imitation of reasoning traces rather than verifiable
task success.

To alleviate the shortcomings of SFT, which trains models to imitate labeled examples and thus
inherits dataset-specific styles and biases, a parallel line of new research utilizes Reinforcement
Fine-Tuning (RFT) to fine-tune LVLMs (Liu et al., 2025b). RFT optimizes outcomes by (i) prompt-
ing the model and sampling candidate responses, (ii) evaluating feedback (from human preferences
or verifiable functions), and (iii) updating the model toward higher-scoring behavior while staying
close to the reference (starting untrained) model. Multiple studies have demonstrated improved rea-
soning (Guo et al., 2025; Shao et al., 2024) and generalization (Chu et al., 2025) abilities of RFT
compared to SFT. A common form of RFT is Direct Preference Optimization (DPO), which aligns
model generations with human preferences (Xie et al., 2024; Zhang et al., 2025b). However, col-
lecting high-quality preferences for thousands of multi-step numeric explanations is prohibitively
expensive, while synthetic chart data does not effectively capture visual diversity. As a solution,
recent research has introduced Group Relative Policy Optimization (GRPO) as a lightweight ob-
jective that ranks multiple sampled responses for the same prompt and updates the policy toward
those with higher rewards relative to the group. By optimizing relative quality between candidates
rather than imitating traces, GRPO provides stable training for large vision–language models. More
recently, verifiable rewards - automatic checks that score outputs on an objective criterion (e.g., for-
mat adherence and success on intermediate subgoals) have been successfully utilized to fine-tune
LVLMs. Verifiable rewards are machine-checkable, deterministic signals that plug naturally into
GRPO, yielding dense, low-variance feedback across multiple candidates and aligning the model
with what can be verified rather than merely imitated.

Building on this premise, we present Chart-RVR, a general-purpose reinforcement learning frame-
work that combines GRPO with verifiable rewards tailored to chart reasoning. Chart-RVR utilizes
verifiable surrogate task rewards that score a policy’s performance on chart type prediction and
chart table reconstruction, followed by a verifiable process conformity reward, which incentivizes
the model’s reasoning process to stylistically follow an algorithmic skeleton, improving robustness
under format/domain shift and producing logically coherent CoT rationales. We demonstrate that
models trained with the Chart-RVR framework achieve state-of-the-art prediction performance on 6
diverse chart benchmarks and also provide more explainable rationales, improving interpretability.
More specifically, our contributions are as follows:

• We propose Chart-RVR, the first general-purpose reinforcement learning framework with veri-
fiable surrogate-task rewards: chart type prediction and chart table reconstruction for improved
chart reasoning.

• We present the Chart-RVR-3B series of models, the best state-of-the-art chart-reasoning models
of their size (2–3 billion parameters) trained using Chart-RVR. Our method achieves benchmark
performance on 6 diverse chart-reasoning benchmarks, including OOD settings.

• We also empirically demonstrate that Chart-RVR produces benchmark results on the surrogate
tasks and generates explainable chain-of-thought rationales.

2 RELATED WORK

Chart Reasoning. Chart reasoning has been an active area of research recently. Benchmarks for
studying chart-related downstream tasks, such as chart-to-table conversion, chart captioning, chart
factoid-based question answering, etc., have been widely utilized to evaluate vision language mod-
els. Multiple chart-specific VLMs have been proposed, such as Unichart (Masry et al., 2023),
MatCha (Liu et al., 2023), Pix2Struct (Lee et al., 2023), etc., with considerable success in some
of the downstream tasks. However, most of the proposed models struggle when the complexity of
the questions increases, which requires relatively deeper reasoning. In addition, with deeper rea-
soning, it is also imperative to output explanations with the final answers to improve trust in the
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models. Some new benchmarks, such as Hegde et al. (2025); Ma et al. (2025), have been proposed
to measure both reasoning and accuracy performance in tandem. As a consequence, newer chart
reasoning models such as Chartgemma (Masry et al., 2025b), TinyChart (Zhang et al., 2024) have
been proposed to output rationales with their predictions. Some other works like ChartAssistant
(Meng et al., 2024), ChartBench (Xu et al., 2023), ChartInsights (Wu et al., 2024), etc., have been
proposed with newer and more challenging datasets. Newer approaches utilize contrastive learning
and graph-based methods to improve CoT performance on charts (Dai et al., 2025) or use visual
tools to focus on chart images to answer conflicting questions (Fu et al., 2025).

Chain-of-thought in LVLMs. Chain-of-thought entails prompting LLMs to think step by step,
before outputting the final prediction, and provides improvement in both performance and inter-
pretability of LLMs through explicit natural language reasoning traces (Wei et al., 2022). However,
similar observations are not observed in LVLMs, where CoT-type prompting significantly degrades
performance (Zhang et al., 2025a), especially in smaller models. Several approaches have attempted
to improve CoT in LVLMs with further pre-training (Xu et al., 2024), Reinforcement Learning
(Zhang et al., 2025a; Xie et al., 2024; Liu et al., 2025b), etc. The degraded CoT performance also
hinders the explainability of LVLMs (Jiaqi et al., 2025).

Parallel to our work, BigCharts-R1 Masry et al. proposes a larger and more diverse chart reasoning
dataset, incorporating existing chart images along with images crawled from the web. It uses GRPO
to train the Qwen family of LVLMs on the BigCharts dataset. In contrast, our work is a method-
ological recipe for fine-tuning small LVLMs with verifiable rewards. It is architecture agnostic and
validated on Qwen-VL, Gemma-3, and InternVL-3.5 family of LVLMs. Our motivation is to pro-
vide a strong and generalizable fine-tuning methodology that can utilize well-benchmarked/validated
datasets (e.g. ChartQA, ChartFC, PlotQA) for LVLM fine-tuning.

3 METHODOLOGY

3.1 PROBLEM SETUP AND NOTATION

Let D = {(xi, qi, y
∗
i , a

∗
i )}Ni=1 be a dataset of chart images xi∈X , natural-language queries qi∈Q,

ground-truth answers y∗i ∈ Y , and expert rationales a∗i ∈A. Each rationale decomposes into three
components:

a∗i =
(
c∗i , T

∗
i , w

∗
i

)
,

where c∗i ∈ C is the chart type, T ∗
i ∈ T is the underlying table representation, and w∗

i ∈ W is a
natural-language chain-of-thought. A vision–language policy πθ (LVLM with parameters θ) defines
a distribution over completions, conditioned on the input pair (xi, qi) as:

oi=
(
âi, ŷi

)
∈ O, such that oi ∼ πθ( · | xi, qi ) and âi =

(
ĉi, T̂i, ŵi

)
.

We denote âi and ŷi as the associated chain of thought rationale and final answer predicted by a
policy, respectively.

Chart Surrogate Tasks. Beyond the primary QA objective (i.e., predicting ŷ), we introduce two
verifiable surrogate tasks that can be solved as a precursor to reasoning and computing the final
output effectively.

• Chart-Type Prediction. Identifying the type of chart is a fundamental problem in chart under-
standing due to significant visual-semantic differences across the types of charts. Predicting the
chart type correctly conditions the models to focus on type-specific visual semantics, e.g., for bar
graphs - the length of bars, for pie-charts - the sectors of the pie, etc. We therefore predict a
discrete type ĉ ∈ C where C consists of a fixed set of chart types and compare it to the ground
truth c∗. Correctly identifying the type guides the model toward type-specific cues and reduces
spurious reasoning.

• Chart-Table Reconstruction. A chart visualizes data which is structured in the form of the un-
derlying data table T ∗ = (C∗, R∗) where C∗ denotes headers/labels and R∗ denotes the row-wise
numeric entries. Inferring the data table from the chart is extremely important to ensure accurate
reasoning. We reconstruct T̂ = (Ĉ, R̂) to condition downstream reasoning on explicit data struc-
ture rather than raw pixels. Faithful recovery of T ∗ is essential, and errors in T̂ induce incorrect
prerequisites for computing ŷ. We represent the tables in the JSON format, which consists of two
formatted entities - ‘columns’ containing columns and ‘rows’ consisting of a list of all rows.
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Proposition 1 (Monotonicity of Conditional Entropy with Chart Surrogates (C∗, T ∗)) Let
(X,Q,C∗, T ∗, Y ) be random variables for the chart image, query, true chart type, true table, and
answer. For any joint distribution over (X,Q,C∗, T ∗, Y ),

H(Y | X,Q) ≥ H(Y | X,Q,C∗, T ∗) ,

with equality if and only if I(Y ;C∗, T ∗ | X,Q) = 0. H(·) denotes Shannon entropy to quantify
uncertainty, while I denotes Mutual information I(·; ·) measures shared information.

Proof: By the nonnegativity of conditional mutual information, I(Y ;C∗, T ∗ | X,Q) = H(Y |
X,Q) − H(Y | X,Q,C∗, T ∗) ≥ 0. Rearrange to obtain the inequality; equality holds iff
I(Y ;C∗, T ∗ | X,Q) = 0, i.e., cases where the query can be entirely answered through visual
attributes and requires no reasoning. Utilizing accurate chart surrogates helps reasoning. □

3.2 GROUP RELATIVE PREFERENCE OPTIMIZATION (GRPO)

GRPO (Shao et al., 2024; Guo et al., 2025) extends the Proximal Policy Optimization (PPO) (Schul-
man et al., 2017) framework to group-wise preference learning with verifiable rewards. The learning
process involves first sampling a rollout group on which rewards are computed, followed by a policy
update using the GRPO objective as detailed below.

Rollout groups. For each (xi, qi) we draw a group of G rollouts {oj}Gj=1 ∼ πold(· | xi, qi) from a
frozen behavior policy πold. Each rollout is a completion oj = (âj , ŷj) with âj = (ĉj , T̂j , ŵj). Let
tok(oj) = (z

(j)
1 , . . . , z

(j)
|oj |) be the tokenization of oj , and z

(j)
<t = (z

(j)
1 , . . . , z

(j)
t−1) its prefix.

Objective. Within each group, absolute rewards {Rj}Gj=1 are converted to relative advantages Âj :

R̄ =
1

G

G∑
j=1

Rj , s2R =
1

G

G∑
j=1

(Rj − R̄)2, Âj =
Rj − R̄

max(1, sR)
. (1)

To update the policy πold to the new policy πθ, we use a clipped policy surrogate with a sequence-
level KL penalty:

JGRPO(θ) = E(xi,qi)∼D E{oj}∼πold

[
1

G

G∑
j=1

1

|oj |

|oj |∑
t=1

(
min

{
ρj,t(θ) Âj , clip(ρj,t(θ), 1− ϵ, 1 + ϵ) Âj

})

− β DKL(πθ ∥πref)

]
,where ρj,t(θ) =

πθ(z
(j)
t | xi, qi, z

(j)
<t )

πold(z
(j)
t | xi, qi, z

(j)
<t )

.

Here ϵ > 0 is the clipping range, and DKL(πθ∥πref) is computed as the average over tokens of oj ;
β > 0 weights the KL penalty with respect to the original policy πref.

3.3 FORMAT, LENGTH AND ACCURACY REWARD DESIGN

In this section, we discuss the verifiable rewards employed by Chart-RVR. The first set of rewards is
commonly utilized GRPO rewards with minor modifications: format, length sufficiency, and answer
accuracy. Next, we discuss the rewards around surrogate tasks, namely, chart type and chart-table
data construction. Finally, we introduce the Process-Conformity Reward, which ensures the reason-
ing process does not drift stylistically away from the ground-truth reasoning rationales.

Format reward. Regex validation of the two-block schema (<think> then <answer>) and
nested tags of <type> enclosing the chart type and <table> enclosing the JSON-formatted table
representation. We set Rfmt = 1 if all format checks pass; 0 otherwise.

Length (sufficiency) reward. Let ℓ(oj) be the tokenized length of a rollout oj . Multiple works have
(Liu et al., 2025a) observed the impact of reasoning length on CoT traces, wherein longer traces
usually improve performance, but overtly long traces begin to overthink and hallucinate, degrading
performance. As our reasoning traces are conditioned on the chart type and the underlying data table
before actual reasoning, we set the maximum rewards between length thresholds 0 < η1 ≤ η2,

Rlen = 1, if η1 ≤ ℓ(oj) ≤ η2, otherwise 0.

4
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Answer accuracy. The accuracy between the ground truth answer and the predicted answer is
calculated on a case-by-case basis, depending on whether the answer consists of textual or numeric
outputs. The numeric branch is scale-invariant; textual answers are normalized using norm, which
strips trailing special symbols and converts to lowercase. Subsequently, the accuracy is calculated as
an exact match for textual outputs, while for numeric outputs, a match within a tolerance τ , usually
set to a small number, is calculated, to capture imprecise mathematical values after calculation.

Racc =

{
1{norm(ŷ) = norm(y⋆)}, textual,

1
{

|ŷ−y⋆|
|y⋆| ≤ τ

}
, numeric.

(2)

Finally, the total rewards for the standard GRPO schema are given as Rschema = Rfmt+Rlen+Racc

3.4 CHART SURROGATE TASK REWARD DESIGN

Chart Type Prediction. Given ground-truth chart type c∗ and predicted ĉ, we define the chart type
reward as an exact match between the predicted type ĉ and ground truth type c∗ after normalization:

Rtype(ĉ, c
∗) = 1

[
norm(ĉ) = norm(c∗)

]
,

Chart Table Reconstruction. The model emits a JSON table T̂ = (Ĉ, R̂), ground truth is T ∗ =
(C∗, R∗). Note that the tables take the form {‘columns’:{.. , ..},‘rows’:{[..],[..],..,[..]} }.

Rtable(T̂ , T
∗) =


1

|C∗|
∑
c∈C∗

1{c ∈ Ĉ}︸ ︷︷ ︸
column header accuracy

+
1

|R∗|
∑
r∈R∗

1

|r|
∑
j

1{rj = r̂j}︸ ︷︷ ︸
cell accuracy

,

0 otherwise.

(3)

Every correct header contributes 1/|C∗|; every correct cell adds 1/(|R∗|× |r|). A parseable JSON
yields an additional modest 0.5 reward (to improve reward smoothness) while an unparseable JSON
yields Rtab = 0, strongly encouraging syntactic validity. The final surrogate task reward can be
calculated as: Rsurr = Rtype +Rtable.

3.5 PROCESS CONFORMITY REWARD DESIGN

Final-answer rewards are sparse and easy to game since models can guess correctly or retrofit a ra-
tionale. Recent research has called for evaluating the quality of rationales through a process skeleton
(Lee & Hockenmaier, 2025). As a consequence, we propose a process-conformity reward, which
incentivizes traces that follow a predefined schema, cite verifiable intermediate quantities, perform
the appropriate operations, and remain consistent across steps. This delivers denser credit assign-
ment, discourages hallucinated or decorative CoT, and makes reasoning auditable. It also improves
robustness under format/domain shift by enforcing an algorithmic skeleton rather than a dataset-
specific style. For chart reasoning, the two primary stages governing the quality of rationale are (i)
if it faithfully gathers the appropriate data and (ii) reasons with the data sufficiently. We utilize a
similarity function, s, given a token alphabet Σ and a text embedding model ϕ : Σ∗ → Rd, mapping
from natural language text to a d-dimensional vector space. Mathematically, for two sentences a
and b and cosine similarity cos,

s(a, b) = (1 + cos(ϕ(a), ϕ(b)))/2; ϕ : Σ∗ → Rd; s ∈ [0, 1]. (4)

Evidence Gathering Conformity. For the first stage, we ensure that the data is gathered faithfully.
To this effect, we utilize step-wise conformity, where each step is explicitly evaluated to be struc-
turally aligned to the ground truth for the first m steps of each rollout’s reasoning (split by steps),
denoted as ŵ[:m], while ground truth traces are denoted as w∗

[:m]).

Reasoning Alignment. For the second stage, we score the overall reasoning by comparing the
model’s derivation to the gold steps via text-embedding similarity, encouraging procedural align-
ment and preventing drift into degenerate traces. The final Process Conformity Reward (Rproc) is
calculated as the sum of Reg and Rrs. Mathematically,

Reg = 1
m

m∑
i

s(ŵ[:m](i), w
∗
[:m](i)); Rrs = s(ŵ[m:], w

∗
[m:]). (5)
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The total Process Conformity Reward Rproc is given as Rproc = Reg +Rrs. The final reward R is
calculated as a weighted sum of each of the aforementioned Schema Rewards (Rschema ∈ [0, 3]),
Surrogate Task rewards (Rsurr ∈ [0, 3]), and Process Conformity Reward (Rproc ∈ [0, 2]) where λ1

and λ2 > 0 are tunable hyperparameters:
R = Rschema + λ1Rsurr + λ2Rproc. (6)

4 EXPERIMENTS AND RESULTS

4.1 DATASET AND MODEL SETTINGS

Train Datasets. We utilize ChartQA (Masry et al., 2022), PlotQA (Methani et al., 2020) and
ChartFC (Akhtar et al., 2023) datasets to create our CoT datasets. ChartQA consists of a mix of
questions based on direct facts and deeper reasoning. PlotQA consists of factoid questions on a
completely synthetic dataset. ChartFC consists of yes/no questions requiring deeper reasoning.

Test Datasets. We use the ChartQA, PlotQA, and ChartFC test sets as in-domain benchmarks.
For out-of-domain (OOD) benchmarks, we utilize EvoChart (Huang et al., 2025), which consists
of challenging irregular charts in the wild, ChartQAPro (Masry et al., 2025a), which is a more
challenging version of ChartQA with more complex charts and questions, and ChartBench (Xu
et al., 2023), which consists of questions with complicated reasoning.

Chart-RVR CoT Reasoning Datasets. Although the training datasets discussed contain plenty of
examples, there is a distinct lack of a reliable source of ground-truth rationales, data tables, and chart-
type annotations associated with them. As a consequence, we generate a CoT Chart dataset sampled
from the training splits of ChartQA, ChartFC, and PlotQA. To generate faithful CoT rationales,
inferring the chart type and generating the associated data tables, we utilize a large-scale SOTA
LVLM - Qwen2.5VL-72B. The prompt template for generating the dataset is provided in Figure 3
(Appendix), where both the query and label are provided to the model. (1) CoT Datasets: For the
CoT dataset, we randomly sample 2,000 datapoints each from the aforementioned datasets based
on a specific seed for a total of 6,000 training samples. (2) CoT-Hard Dataset: A significant issue
in randomly sampling training points from the datasets is the lack of diversity and dominance of
easy samples, which constitute queries that require no reasoning, e.g., ‘title of the chart. To alleviate
this, we specifically sample data from the human-annotated reasoning subset of ChartQA (labeled
‘human’) and random samples from the ChartFC and PlotQA data. We filter out overly simplistic
questions from the dataset for a total of 30,000 training samples.

Model and Baseline Details: For all our experiments, we utilize Qwen2.5VL-3B-Instruct (Bai
et al., 2025) due to its good benchmark performance and flexibility. Furthermore, to demonstrate
the generalizability of Chart-RVR, we use similarly sized Gemma3-3b-it (Team et al., 2025) and
InternVL3.5-4B (Wang et al., 2025) LVLMs. We compare our approach to ChartGemma (Masry
et al., 2025b), which is the state-of-the-art explainable chart reasoning model, outperforming any
other model of similar size (i.e., 3-4 billion parameters). ChartGemma is a fine-tuned model on top
of PaliGemma, which outputs an executable Python program as rationales and achieves state-of-the-
art performance.

Training Details. SFT: We utilize the same system prompt format as in Figure 4(Appendix) for
fine-tuning. We train the entire model for 3 epochs, with a learning rate of 1e− 5 for the LLM and
projector, while 2e− 6 for the vision tower, with a warm-up ratio of 0.03. Chart-RVR: We utilize
TRL’s (von Werra et al., 2020) implementation of GRPO with a maximum prompt length of 4096,
maximum completion length 768, and number of generations (rollouts) 4 per sample. To further
reduce prompt lengths, we utilize the JSON notation to represent the underlying chart tables. For
Process Conformity Rewards, we use sentence embeddings using a lightweight embedding model,
MiniLM-L6-v2 (Reimers & Gurevych, 2019). We train all models for 4 epochs with a learning rate
set as 1e− 6.

4.2 EXPERIMENT-0: CHAIN-OF-THOUGHT PROMPTING
Table 1: Comparison of Direct,
CoT, and Structured Prompt.

Dataset Direct CoT Structured
ChartQA 82.0 41.8 73.12
PlotQA 80.5 31.82 52.72
ChartFC 74.4 48.02 69.20
EvoChart 48.72 18.72 29.60
ChartQAPro 25.7 12.01 15.80
ChartBench 66.04 29.4 51.16

First, we evaluate how chain-of-thought prompting affects off-
the-shelf LVLMs in Table 1. Although CoT prompting shows
gains in LLMs, we observe (Liu et al., 2025b; Xu et al., 2024)
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an opposite trend in LVLMs, where standard CoT prompting
degrades performance by a large margin compared to direct
prompting. Next, we see how structured prompting (i.e., in-
structing the model to emit chart type, table, and the reasoning
process along with the answer) using the prompt structure shown in Figure 4(Appendix) improves
the results over standard CoT prompting. As can be seen, our structured prompting approach im-
proves performance, but is still significantly less than direct prompting.

Table 2: Main benchmark results across 6 diverse chart datasets. The ‘Exp?’ column signifies if
the approach is explainable (i.e., outputs CoT rationales or equivalent, like Python programs). We
observe that Chart-RVR-3B and Chart-RVR-3B-Hard achieve benchmark performance across all
benchmarks as compared to SFT and chart-specific models. The performance improvement is more
pronounced on out-of-domain (OOD) datasets, as signified in the last 3 columns.

Approach Exp? ChartQA PlotQA ChartFC EvoChart ChartQAPro ChartBench
Direct Prompting
Q2.5VL-Ins ✗ 82.0 80.5 74.4 48.72 25.7 66.04

Explainable Models with Rationales
Q2.5VL-Ins (CoT) ✔ 73.12 52.72 69.20 29.6 15.80 51.16
ChartGemma ✔ 76.44 33.28 70.33 36.96 10.93 40.56

Fine-tuned Models with Rationales
Q2.5VL-SFT ✔ 83.08 74.18 77.30 46.08 23.56 64.64
Q2.5VL-Ins (A+F+L) ✔ 76.72 56.22 58.58 38.88 17.55 48.1
Q2.5VL-Ins (A+F+L+Tasks) ✔ 81.8 76.24 63.85 51.68 27.66 65.28
Chart-RVR-3B (Ours) ✔ 84.56 78.68 77.62 53.36 28.38 68.32

Curated Data Fine-tuned Models with Rationales
Q2.5VL-SFT-Hard ✔ 84.28 75.54 77.90 49.36 23.20 65.12
Chart-RVR-3B-Hard (Ours) ✔ 85.76 77.9 80.07 54.24 28.64 69.46

4.3 EXPERIMENT-1: BENCHMARK PERFORMANCE

We report the benchmark performance of Chart-RVR-3B and Chart-RVR-3B-Hard (trained on the
CoT-Hard dataset) in Table 2 on six diverse datasets. In addition, we also compare our approach with
Direct Prompting approaches on the same base model, even though they are non-explainable. We
observe that Chart-RVR consistently outperforms all approaches, including the chart-specific base-
line ChartGemma. The improvements over SFT on in-domain datasets are approximately 1-2%.
However, significant improvements are observed on Out-of-Domain datasets EvoChart (+7.28%),
ChartQAPro (+4.82%), and ChartBench (+3.68%). In addition, Chart-RVR-3B-Hard boosts per-
formance by an extra 1–2% across the board, highlighting the effectiveness of high-quality data
curation.

Impact of Various Rewards. Next, we discuss ablation studies with respect to the proposed re-
wards. As standard GRPO implementations usually only optimize format, length, and accuracy
rewards, we report the results in Table 2 depicted as Q2.5VL-Ins (A+F+L). Next, we report perfor-
mance with all formats, accuracy, length, and surrogate task rewards Q2.5VL-Ins (A+F+L+Tasks).
As can be observed, standard GRPO’s learning process is worse than SFT, implying naive GRPO is
ineffective. Once surrogate tasks are introduced (A+F+L+Tasks), the reasoning process beats SFT
on multiple datasets. Finally, adding the Process Conformity Reward makes our method exceptional
on all benchmarks, highlighting its utility.

4.4 EXPERIMENT-2: CHART-RVR VERSUS SFT PERFORMANCE COMPARISON

To demonstrate the consistent gains of Chart-RVR over Supervised Fine Tuning (SFT), we ran-
domly sample the CoT-dataset using 3 different seeds, with 6,000 samples from the training set of
ChartQA, PlotQA, and ChartFC. We train three separate SFT and Chart-RVR models, each on the
various training splits using the same prompt structure as Figure 4(Appendix). We report the aver-
age performance and standard deviation in Table 3a over all 3 seeds. As can be seen, Chart-RVR
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Table 3: (a) Chart-RVR’s consistent improvements over SFT. (b) Surrogate Task Performance.

(a) Comparison between fine-tuned models using 3
distinct seeds of the ChartRVR-CoT Dataset. Chart-
RVR improves performance over SFT across all
datasets, with OOD improvements more pronounced.

Dataset Direct CoT SFT Chart-RVR
ChartQA 82.0 73.12 83.18 ± 0.33 83.87 ± 0.68
PlotQA 80.50 52.72 76.05 ± 1.65 78.71±0.20
ChartFC 74.4 69.20 76.67 ±0.54 78.08±1.36
EvoChart 48.72 29.6 46.50 ± 0.36 52.16±0.86

ChartQAPro 25.7 15.80 24.52 ±0.48 28.30±1.00

(b) Performance across different datasets on the surro-
gate tasks: (i) Chart Type Accuracy (Type Acc) and
(ii) Underlying table creation (Tab). Note that the Tab
is the Edit-Distance errors, where lower is better.

Dataset CoT SFT Chart-RVR
Acc (↑) Tab (↓) Acc (↑) Tab (↓) Acc (↑) Tab (↓)

ChartQA 0.87 0.46 0.94 0.38 0.95 0.49
PlotQA 0.70 0.65 0.78 1.13 0.77 1.03
ChartFC 1.00 0.65 1.00 0.20 1.00 0.20

EvoChart 0.74 0.99 0.81 1.28 0.84 1.22
ChartQAPro 0.69 0.72 0.72 1.05 0.72 1.05

(a) CoT gets the initial data gathering step wrong, attributing the green line 14%, which is incorrect, compro-
mising the entire reasoning process, while SFT fails similarly on Step 2, wherein it wrongly attributes the value
of 14 instead of 21. Chart-RVR reasons faithfully by smaller, more accurate steps to output the correct answer.

(b) Both CoT and SFT fail in the initial steps by misidentifying the third-highest category (Europe and China,
respectively) and the relevant line, while Chart-RVR correctly recognizes the US as the third-highest.
Figure 1: Chain-of-thought rationales on EvoCharts (OOD). We demonstrate CoT rationales for
Structured prompting on base model, SFT model, and Chart-RVR. We highlight the mistake in a
particular reasoning step in red font. See Appendix for additional examples.

consistently outperforms SFT across both ID and OOD datasets by 1–2% and 4–6% respectively,
demonstrating the efficacy of our method over SFT. In addition, the average results are at par with
the results on a single CoT dataset split (as shown in Table 2), highlighting robust convergence.

4.5 EXPERIMENT-3: RESULTS ON SURROGATE TASKS

In Table 3b, we report the performance on the surrogate tasks as discussed in Section 3.4. Note
that the chart-type accuracy measures how accurately the type of chart is predicted, while for table
reconstruction, we measure Edit Distance errors as defined between predicted table {R̂, Ĉ} ∈ T̂ and
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ground truth table {R∗, C∗} ∈ T ∗ as:

ET (T̂ , T
∗) = (1/|C∗|)

∑
c∈C∗

1[c /∈ Ĉ] + (1/|R∗|×1/|r|)
∑
r∈R∗

∑
j

1[rj ̸= r̂j ], (7)

We observe that SFT and Chart-RVR moderately boost chart-type accuracy, implying that the base
model is already decent at the chart-type identification task. However, our method improves under-
lying data table reconstruction by 0.06 points on EvoChart (OOD) as compared to using SFT.

4.6 EXPERIMENT-4: INTERPRETABILITY ANALYSIS AND QUALITY OF RATIONALES

To measure the quality of chain-of-thought rationales output by our method, we design the Ex-
plainable Information Gain metric (∆ logP ), which measures the difference in the probability of
predicting the ground truth answer y∗ given the image x and the output CoT rationale a using an
oracle model W . We utilize the Qwen2.5VL-72B, a SOTA LVLM, as the oracle. Intuitively, our
metric measures the additional information added by the rationales contributing to the certainty of
the answer. Mathematically,

∆ logP = logPW
(
y⋆|x, a

)
− logPW

(
y⋆|x

)
(8)

Table 4: Explainability Results.

Dataset ∆ CoT ∆ SFT ∆ Chart-RVR
ChartQA -5.04 -2.22 -4.3

ChartQA (human) -3.46 +0.09 +0.3
PlotQA -2.25 +1.13 +3.66

EvoChart -9.13 -6.82 +0.02
ChartQAPro -0.04 +1.75 +2.41

We report ∆ logP for correctly predicted responses in
Table 4 for CoT, SFT, and Chart-RVR. We omit ChartFC
(ID) and ChartBench (OOD) due to overwhelming binary
questions. Surprisingly, not only is CoT unable to provide
accurate answers, but the CoT rationales are also unhelp-
ful for improving explainability by reducing the certainty
of the correct answer. Next, SFT and Chart-RVR both
improve explainability, but our method outperforms par-
ticularly on OOD datasets. Interestingly, all methods degrade as compared to direct prompting on
ChartQA, implying some memorization in the base model. However, on the deeper/harder reasoning
samples, ChartQA (human), both SFT and Chart-RVR improve. These results are a testament to the
improved explainability of Chart-RVR. A visual example is demonstrated in Figure 1, comparing
CoT, SFT, and Chart-RVR. Additionally, we also utilize an additional Oracle model to judge the
rationales similarly via LLaVA-Next-72B in Table 8 (Appendix). Finally, we also conduct a human
study wherein Chart-RVR reasoning is more interpretable than those of SFT and CoT, details and
results of which are shown in Figure 9 (Appendix).

4.7 EXPERIMENT-5: CHART-RVR APPLIED TO DIVERSE LVLM ARCHITECTURES

In Table 5, we report the performance on the 3 OOD benchmarks using two different backbone
VLMs: Gemma3 and InternVL3.5. We observe that SFT provides a reasonable baseline improve-
ment over CoT, with InternVL generally outperforming Gemma across all datasets. To demonstrate
the efficacy of Chart-RVR, we compare against GRPO (A+F+L+Tasks), which improves over SFT
on Gemma models, but shows inconsistent gains on InternVL. Finally, Chart-RVR achieves the
best overall performance, yielding consistent improvements across both Gemma and InternVL on
all benchmarks except ChartQAPro where it is at par. These results indicate stronger generalization
capabilities compared to both SFT and standard GRPO with Surrogate tasks.

Table 5: Ablation across different training settings on OOD benchmarks. Columns are grouped
by dataset with subcolumns for Gemma-3 and InternVL-3.5 (IVL) respectively. Chart-RVR outper-
forms across all datasets and models.

EVOCHART CHARTQAPRO CHARTBENCH

Setting Gemma IVL Gemma IVL Gemma IVL
CoT 21.04 45.36 24.82 15.91 42.28 54.42
SFT 21.92 44.08 23.56 29.34 54.14 63.16
GRPO (A+F+L+Tasks) 42.26 50.04 29.51 20.43 53.18 64.62
Chart-RVR (Ours) 42.48 50.24 32.59 29.34 58.18 64.78
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5 CONCLUSION

In this paper, we introduced Chart-RVR, a general-purpose reinforcement learning framework for
explainable chart reasoning built on verifiable rewards. Our method augments standard GRPO with
rewards for chart surrogate tasks, i.e., chart-type prediction and table reconstruction, as well as a
process-conformity objective that encourages faithful, step-by-step reasoning aligned with ground-
truth rationales. Empirically, Chart-RVR improves both answer accuracy and explanation qual-
ity across six benchmarks and three LVLMs (Qwen2.5VL, Gemma3, and InternVL-3.5), with the
largest gains under distribution shift (EvoChart, ChartQAPro, ChartBench), indicating stronger
OOD generalization than SFT and vanilla GRPO. We also demonstrate the improved explainability
of the CoT traces produced by Chart-RVR.

REFERENCES

Mubashara Akhtar, Oana Cocarascu, and Elena Simperl. Reading and reasoning over chart images
for evidence-based automated fact-checking. In Findings of the Association for Computational
Linguistics: EACL 2023, pp. 399–414, 2023.

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin Ge, Sibo Song, Kai Dang, Peng Wang,
Shijie Wang, Jun Tang, Humen Zhong, Yuanzhi Zhu, Mingkun Yang, Zhaohai Li, Jianqiang Wan,
Pengfei Wang, Wei Ding, Zheren Fu, Yiheng Xu, Jiabo Ye, Xi Zhang, Tianbao Xie, Zesen Cheng,
Hang Zhang, Zhibo Yang, Haiyang Xu, and Junyang Lin. Qwen2.5-vl technical report. arXiv
preprint arXiv:2502.13923, 2025.

Victor Carbune, Hassan Mansoor, Fangyu Liu, Rahul Aralikatte, Gilles Baechler, Jindong Chen,
and Abhanshu Sharma. Chart-based reasoning: Transferring capabilities from LLMs to VLMs.
In Kevin Duh, Helena Gomez, and Steven Bethard (eds.), Findings of the Association for
Computational Linguistics: NAACL 2024, pp. 989–1004, Mexico City, Mexico, June 2024.
Association for Computational Linguistics. doi: 10.18653/v1/2024.findings-naacl.62. URL
https://aclanthology.org/2024.findings-naacl.62/.

Zhe Chen, Weiyun Wang, Yue Cao, Yangzhou Liu, Zhangwei Gao, Erfei Cui, Jinguo Zhu, Shen-
glong Ye, Hao Tian, Zhaoyang Liu, et al. Expanding performance boundaries of open-source
multimodal models with model, data, and test-time scaling. arXiv preprint arXiv:2412.05271,
2024.

Tianzhe Chu, Yuexiang Zhai, Jihan Yang, Shengbang Tong, Saining Xie, Dale Schuurmans, Quoc V
Le, Sergey Levine, and Yi Ma. Sft memorizes, rl generalizes: A comparative study of foundation
model post-training. arXiv preprint arXiv:2501.17161, 2025.

Yue Dai, Soyeon Caren Han, and Wei Liu. Graph-based multimodal contrastive learning for chart
question answering. In Proceedings of the 48th International ACM SIGIR Conference on Research
and Development in Information Retrieval, pp. 2658–2663, 2025.

Xingyu Fu, Minqian Liu, Zhengyuan Yang, John Richard Corring, Yijuan Lu, Jianwei Yang, Dan
Roth, Dinei Florencio, and Cha Zhang. Refocus: Visual editing as a chain of thought for structured
image understanding. In Forty-second International Conference on Machine Learning, 2025.
URL https://openreview.net/forum?id=a7qFlPOTix.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,
Shirong Ma, Peiyi Wang, Xiao Bi, et al. Deepseek-r1: Incentivizing reasoning capability in llms
via reinforcement learning. arXiv preprint arXiv:2501.12948, 2025.

Shamanthak Hegde, Pooyan Fazli, and Hasti Seifi. Chartqa-x: Generating explanations for charts.
arXiv preprint arXiv:2504.13275, 2025.

Muye Huang, Han Lai, Xinyu Zhang, Wenjun Wu, Jie Ma, Lingling Zhang, and Jun Liu. Evochart:
A benchmark and a self-training approach towards real-world chart understanding. In Proceedings
of the AAAI Conference on Artificial Intelligence, volume 39, pp. 3680–3688, 2025.

10

https://aclanthology.org/2024.findings-naacl.62/
https://openreview.net/forum?id=a7qFlPOTix


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Mohammed Saidul Islam, Raian Rahman, Ahmed Masry, Md Tahmid Rahman Laskar, Mir Tafseer
Nayeem, and Enamul Hoque. Are large vision language models up to the challenge of
chart comprehension and reasoning. In Yaser Al-Onaizan, Mohit Bansal, and Yun-Nung
Chen (eds.), Findings of the Association for Computational Linguistics: EMNLP 2024, pp.
3334–3368, Miami, Florida, USA, November 2024. Association for Computational Linguistics.
doi: 10.18653/v1/2024.findings-emnlp.191. URL https://aclanthology.org/2024.
findings-emnlp.191/.

WANG Jiaqi, Kevin Qinghong Lin, James Cheng, and Mike Zheng Shou. Think or not? selective
reasoning via reinforcement learning for vision-language models. In The Exploration in AI Today
Workshop at ICML 2025, 2025.

Jinu Lee and Julia Hockenmaier. Evaluating step-by-step reasoning traces: A survey. arXiv preprint
arXiv:2502.12289, 2025.

Kenton Lee, Mandar Joshi, Iulia Raluca Turc, Hexiang Hu, Fangyu Liu, Julian Martin Eisenschlos,
Urvashi Khandelwal, Peter Shaw, Ming-Wei Chang, and Kristina Toutanova. Pix2struct: Screen-
shot parsing as pretraining for visual language understanding. In International Conference on
Machine Learning, pp. 18893–18912. PMLR, 2023.

Chengzhi Liu, Zhongxing Xu, Qingyue Wei, Juncheng Wu, James Zou, Xin Eric Wang, Yuyin Zhou,
and Sheng Liu. More thinking, less seeing? assessing amplified hallucination in multimodal
reasoning models. arXiv preprint arXiv:2505.21523, 2025a.

Fangyu Liu, Francesco Piccinno, Syrine Krichene, Chenxi Pang, Kenton Lee, Mandar Joshi,
Yasemin Altun, Nigel Collier, and Julian Eisenschlos. Matcha: Enhancing visual language pre-
training with math reasoning and chart derendering. In Proceedings of the 61st Annual Meeting of
the Association for Computational Linguistics (Volume 1: Long Papers), pp. 12756–12770, 2023.

Ziyu Liu, Zeyi Sun, Yuhang Zang, Xiaoyi Dong, Yuhang Cao, Haodong Duan, Dahua Lin, and Jiaqi
Wang. Visual-rft: Visual reinforcement fine-tuning. arXiv preprint arXiv:2503.01785, 2025b.

Chenghao Ma, Junpeng Ding, Jun Zhang, Ziyan Ma, Huang Qing, Bofei Gao, Liang Chen, Meina
Song, et al. Sci-reason: A dataset with chain-of-thought rationales for complex multimodal rea-
soning in academic areas. arXiv preprint arXiv:2504.06637, 2025.

Ahmed Masry, Abhay Puri, Masoud Hashemi, Juan A Rodriguez, Megh Thakkar, Khyati Maha-
jan, Vikas Yadav, Sathwik Tejaswi Madhusudhan, Alexandre Piché, Dzmitry Bahdanau, et al.
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A APPENDIX

A.1 SALIENT DATASET CONSTRUCTION DETAILS

Chart Types (C). Even though a large variety of chart types exist, most of the commonly found
charts can be categorized into 10 fundamental categories. We instantiate a controlled set of chart
families: Line, Bar, Stacked Bar, Pie/Donut, Histogram, Scatter, Area, Stacked Area, Bubble, and
Treemap. 1

Construction. To generate the Chart-RVR CoT datasets, we utilize a large open-source LVLM as an
oracle namely Qwen2.5VL-72B-Instruct (Bai et al., 2025). For the Chart-RVR datasets, the prompt
template utilized is shown in Figure 3.

1. Normalization. Images are resized with aspect-ratio preservation to a minimum of 512
leading edge size; tables are canonicalized to a header (columns) + rectangular body (rows)
with string conversion where applicable. We map the dataset’s native chart label to the chart
types above.

2. Templated prompting. We instantiate Figure 3 with (a) the canonical chart label, (b) a com-
pact task description, and (c) formatting constraints (typed tags, JSON schema, operation
tokens). The template explicitly separates (i) data gathering steps from (ii) computation
steps to enable process supervision.

3. Sampling and pre-screen. For each (image, question) pair, we output rationales via deter-
ministic inference with temperature set to 0. Candidates failing structural checks (JSON
parse, length bounds, required tags) are discarded before reward computation.

Manual Filtering of sub-par rationales. Although our rewards prune many low-quality genera-
tions automatically, we perform a light manual pass to remove pathological rationales that would
otherwise pollute training data points. A rationale is marked sub-par and discarded if any of the
following holds:

1We normalize synonyms to a canonical label: Column→Bar, Donut→Pie, Point→Scatter. Grouped bars
are labeled Bar; cumulative variants are Stacked Bar.
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1. Unparseable structure: the emitted JSON blocks (table tag) fail to parse or violate schema
(missing keys, non-rectangular rows).

2. Data hallucination: The rationale cites a category/series not present in the ground-truth
table, i.e., non-sensical characters, special symbols, etc.

3. Length: We filter out all rationales with fewer than 3 steps of reasoning.

We utilize the following procedure for final dataset validation:

1. For pass 1, the prompt structure shown in Figure 3 is used to generate the chain-of-thought
data.

2. For pass 2, all samples with overtly short/long and incorrect reasoning traces are filtered
(i.e. trace length less than 3 or more than 8 based on manual inspection and outlier rejec-
tion). To validate if a trace is wrong, we algorithmically check if the last CoT line trace
contains the correct answer. A total of 358 samples are filtered out in this step out of 15000.

3. For pass 3, three doctoral-level researchers are employed to validate the reasoning traces
of a randomly sampled data subset (1000 samples). Each researcher filtered fewer than 6
samples (1%) in total, with a 100% agreement between them.

We will release the filtered dataset upon acceptance for transparency and faithful reproduction. Ad-
ditionally, the smaller CoT Dataset with appropriate seeds will also be released.

Agreement of annotation done using human validation We manually validated 100 randomly
sampled oracle-annotated charts from the EvoChart and ChartQAPro datasets (note no ground truth
table annotations are available for either). We categorize each data sample into 2 categories - (1)
Needs Approximation? - which entails guessing the correct values from the chart axes rather than
labelled counterparts, ”Factoid/Direct” - which entails looking at axes marks to determine the correct
values. In Table 6, we report the Kendall’s Tau: the inter-annotator agreement score b/w human
(Annotator-1) and Oracle model (Annotator-2). We also show examples of the categorization in
Figure 2.

Category #Samples Cohen’s κ

Needs Approximation 48 0.91
Factoid/Direct 152 0.98
Overall 200 0.97

Table 6: Inter-annotator agreement between human annotators and the Oracle model.

Emphasizing OOD benchmarks. Many widely used chart reasoning datasets like ChartQA,
PlotQA, and ChartFC have been repeatedly incorporated (in whole or in part) into instruction-tuning
corpora, synthetic data expansions, and public multimodal mixtures that contemporary LVLMs are
trained or aligned on, together with related datasets such as FigQA and DVQA2. This creates a
realistic risk of distributional familiarity and data leakage at pretraining/finetuning time, yielding
optimistic “in-distribution” estimates on these suites. To assess generalization beyond such expo-
sure, we therefore evaluate on ‘truly’ out-of-distribution (OOD) results on EvoChart, ChartBench,
and ChartQA-Pro, which were not used in model pretraining or alignment and contain chart styles,
templates, and question programs that differ from the legacy sets. As shown in later sections, it
can be observed that datasets like EvoChart possess significantly harder chart images than bench-
mark sets like ChartQA. Throughout the paper, we treat ChartQA/PlotQA/ChartFC as ‘ID’ baselines
and use EvoChart/ChartBench/ChartQA-Pro to measure robustness, reasoning fidelity, and explain-
ability under genuine distribution shift. Multiple present chart works do not have a truly OOD
benchmarking evaluation suite. Truly generalizable chart reasoning with explanations remains an
open problem for frontier LVLMs.

2Note: Because most LVLM training mixtures are only partially disclosed, we cannot exhaustively au-
dit every provider. Our designation reflects (i) the public availability and long shelf-life of ChartQA/-
PlotQA/ChartFC, (ii) their documented use in multiple open instruction-tuning recipes as documented in In-
ternVL’s technical report (Chen et al., 2024)
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Figure 2: Examples of charts where the Oracle and human annotations (TOP) need approximation
and (BOTTOM) are factoid/direct; the corresponding annotated data tables may differ.

A.2 IMPLEMENTATION DETAILS

Training Details. For SFT, each training sample’s CoT trace and answer
is appropriately formatted into the expected prompt format and adhering to
<think><type></type><table></table>...</think><answer></answer>.
The validation dataset is created using 500 randomly sampled data points from the training sets of
ChartQA, ChartFC, and PlotQA.

• SFT: For SFT, we train the model for a maximum of 3 epochs and select the model with
the highest accuracy on the validation set. Additionally, we utilize the AdamW optimizer
for training with a training batch size of 4 across 2 NVIDIA H100 GPUs. The learning rate
schedule utilized is linear with a maximum learning rate of 1e− 5 and 1000 warmup steps.
During training, the entire model is trained with FP16 precision, and the vision tower is
trained using an LR of 2e− 6.

• Chart-RVR: For Qwen2.5VL models, we utilize a maximum completion length of 768
and a total prompt length of 4096. For Gemma and InternVL models, due to more efficient
vision token computations, we utilize a maximum prompt length of 3072 with a maximum
completion length of 512. For Qwen2.5VL, we utilize a maximum learning rate of 1e− 6
while for Gemma and InternVL, the learning rate is reduced to 5e−7 and 2e−7 respectively.
The training process takes place on 4 NVIDIA H100 GPUs with a per-device batch size of
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System Prompt template for CoT Dataset Generation

You are helping me answer questions on charts.
You have to look both at the chart picture and the question.
The question and the answer will be provided to you.
First you have to recover the table data from the chart image in JSON format.
For the chart image, output only a JSON object with:
”columns”: list of column headers,
”rows”: list-of-lists, one per data row
No prose, no comments.
1. Respond with **only** a JSON object inside a “‘json code fence.
2. The JSON must use exactly this schema:
{
”columns”: [...],
”rows”: [...]
}
3. Do NOT output HTML, Markdown, or commentary. Any deviation gets zero reward.
Next, think step by step in as many small steps as required to answer the question based on
the chart.
Lastly, also predict the type of chart out of the following:
”line”, ”bar”, ”stacked bar”, ”pie”, ”histogram”, ”scatterplot”, ”area”, ”stacked area”,
”bubble”, ”treemap”
Format:
### Question: <question>
### Answer: <answer>
### Table: <json table>
### Reasoning:
<step-1>: Provide a description of reasoning
<step-2>: Gather ALL the appropriate data from the chart
<step-3>: Break down the query into smaller parts and verify each part with the data
...
<step-n>: Do the final calculation or reasoning to derive the answer
<step-n+1>: VERIFY the final answer is correct for no hallucinations
### Type: <type of chart>

Figure 3: System prompt template used across Structured CoT, SFT, GRPO, and Chart-RVR.

2. The number of rollouts is set to 4. The total number of epochs is set at 4 for all models
and configurations.

Hyperparameter Tuning. Note that the Chart-RVR setup has 3 major hyperparameters to tune,
which assign relative weights to each component of the reward design. We set λ1, i.e., the surrogate
task reward weight, to be 0.5, while λ2, i.e., the process conformity reward weight, is set to 1.
Finally, the hyperparameter α, which balances the contribution of the two components of the process
conformity reward, is chosen to be 2 for Qwen, Gemma, and InternVL models to assign more
weight to the actual reasoning. We observe that due to smooth normalization, minor changes to
the values of λ1, λ2, and m do not affect performance significantly. The value of m is set to 3. The
parameters η1, η2 are set at 150 and 400, respectively. We report some training curves demonstrating
the behavior of different reward values in Figure 5.

Evaluation Setup. For all our evaluations, we utilize the public test sets of the datasets. For
ChartQA3, ChartQAPro4, EvoChart5, and ChartFC6, we utilize the entire test sets sampled from

3https://huggingface.co/datasets/HuggingFaceM4/ChartQA
4https://huggingface.co/datasets/ahmed-masry/ChartQAPro
5https://github.com/MuyeHuang/EvoChart
6https://github.com/mubasharaak/ChartCheck
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sources as listed in the footnotes. For ChartBench7 and PlotQA8, due to their massive sizes, we
sample a 5000-sized subset using a fixed seed. For all models, we resize the leading image edges to
a minimum and maximum of 448 and 812, respectively, using Bicubic interpolation. For all struc-
tured CoT, SFT, and GRPO evaluations, we utilize the prompt template in Figure 4 as the system
prompt for all models.

Evaluation Metrics. For all datasets, we utilize the Relaxed Accuracy metric as proposed in (Masry
et al., 2022) and commonly utilized in subsequent chart works (Liu et al., 2023; Masry et al., 2025b),
etc. Relaxed Accuracy considers the predicted numerical answers within a tight threshold as correct
(not an exact match). The threshold value is set as 0.05 (5%). Mathematically for a prediction ŷ and
ground truth ŷ∗,

Relaxed Accuracy(ŷ, y∗) = 1[ |y∗−ŷ|
y∗ ≤ 0.05]

, where 1 is the Indicator Function. Note that an exact match is utilized for non-numeric or mixed
alphanumeric answers. For ChartFC, as all the questions have a binary Yes/No answer, we append
the line ‘Answer Yes/No’ in the prompt template to elicit faithful responses and suppress True and
False outputs, which, in theory, answer the question correctly.

System Prompt template for Structured CoT / SFT / GRPO / Chart-RVR

You are a vision-language assistant. You are given a chart image and a query about the chart.
Think step-by-step about how to answer the query based on the chart image and then provide
the final answer.
### Output format:
Respond **with exactly two blocks in order and nothing else**:
<think>
First output the type of chart in <type>, then output the underlying data table and finally,
think step-by-step about how to answer the query based on the chart image and then provide
the final answer. <type> Type of chart - one word from line, bar, stacked bar, pie, histogram,
scatterplot, area, stacked area, bubble, treemap. </type>
Next output the data table in the <table></table> tags
<table>
json table - for the chart image, output only a JSON object with: ”columns”: list of column
headers, ”rows”: list-of-lists, one per data row
No prose, no comments.
1. Respond with **only** a JSON object
2. The JSON must use exactly this schema: { ”columns”: [...], ”rows”: [[...], [...],..., [...]] }
3. Do NOT output HTML, Markdown, or commentary. Any deviation gets zero reward.
</table>
Provide your reasoning here in steps:
<step-1>: Provide a description of reasoning
<step-2>: Gather ALL the appropriate data from the chart
<step-3>: Break down the query into smaller parts and verify each part with the data
...
<step-n>: Do the final calculation or reasoning to derive the answer
</think>
<answer>
Final answer on a single line
</answer>

Figure 4: System prompt template used across Structured CoT, SFT, GRPO, and Chart-RVR.

7https://huggingface.co/datasets/SincereX/ChartBench
8https://github.com/NiteshMethani/PlotQA/blob/master/PlotQA_Dataset.md
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Format Reward

Accuracy Reward

Table Reward

Process Conformity Reward

Figure 5: Chart-RVR Reward maximization during training on 3 separate CoT datasets on
Qwen2.5VL-3B.

A.3 PRACTICAL REWARD HACKING AND MITIGATION STRATEGIES

Reward hacking is a common phenomenon in Reinforcement Fine-Tuning (RFT), In this section, we
demonstrate common reward-hacking behavior observed in our experiments and mitigation strate-
gies employed by us to alleviate these concerns. Note that the reward hacking behavior is usually
observed during the early stages of the training and can cause a sudden training collapse, from which
the policy never recovers.

Stacked Rewards on Length. As the models are incentivized to output longer traces (rollouts)
via the length reward, in some cases, this results in unrelated characters being outputted to ‘fill’ in
the extra tokens by new line tokens (‘\n’) or repeating multiple identical redundant steps. This is
often observed when smaller LVLMs, which do not output their CoT traces reliably, are suddenly
incentivized to output much longer traces. If left unmitigated, this can cause a training collapse
where the model can never recover from this particular policy, which technically still maximizes the
reward. To alleviate this, we utilize a stacked reward design, where a partial reward is assigned for
reasoning lengths above certain thresholds. This treats the length reward maximization as a ‘warm’
start process and nudges the model to output longer traces gradually and not immediately upon the
start of training. We utilize a 0.5 reward for token lengths of 100 or more, and finally, the full 1.0 is
set when the length exceeds η1 tokens. Additionally, we also penalize ‘filler’ tokens by checking if
more than 5 ‘\n’ occur in contiguous tokens; we provide a 0 reward.

Stacked Rewards on Table Reconstruction. As detailed in the main text, we utilize the Table
reconstruction rewards in 3 tranches - a successful JSON parse of the tokens inside each rollout’s
<table> tags gives a 0.5 reward. As the reward function on table reconstruction is extremely dense,
we warm start the process by assigning a 0.5 extra reward if ‘columns’ and ‘rows’ appear in the
rollout’s JSON parsing.

A.4 TRAINING CURVES AND REWARD MAXIMIZATION BEHAVIOR

In Figure 5, we visually demonstrate the reward maximization during the Chart-RVR training pro-
cess on 3 splits of the CoT dataset. We observe that the format rewards are maximized very early
in the training with minimal changes observed throughout the process. The accuracy reward grad-
ually improves and stagnates after about 60k steps (about 2 epochs). Similarly, the Table Rewards
and Process Conformity Rewards demonstrate a smooth increase initially and then are maximized
around the same number of steps. All rewards show a massive improvement during early training.
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A.5 VISUAL COMPARISON BETWEEN COT, SFT, AND CHART-RVR

In this section, we demonstrate visual examples where Chart-RVR outperforms both CoT and SFT.
First, we demonstrate Chart-RVR’s effectiveness on OOD data on the EvoChart benchmark in Fig-
ure 6. As can be seen, CoT and SFT misidentify the number of categories as they only look at
the legend on the left, while Chart-RVR correctly counts the number of colors. In the second case,
Chart-RVR correctly identifies the value of the second April, which is a duplicate entry on the x-axis.

CoT Rationale: 
<type>line</type>
</step-1>From the chart, we can see that there are six categories mentioned: refugees (UNHCR mandate), Palestinian refugees 
(UNRWA mandate), IDPs of concern to UNHCR, Asylum-seekers, Others of concern, and Stateless persons.
</step-2>The query asks specifically about the number of refugee categories mentioned in the chart. Based on the information 
provided in the chart, there are two main refugee categories: refugees (UNHCR mandate) and Palestinian refugees (UNRWA 
</step-3> Therefore, the answer to the question is that there are two refugee categories mentioned in the chart.
<answer>2</answer>
SFT Rationale: 
<type>stacked bar</type>
<table>{'columns': ['Year', 'Refugees (UNHCR mandate)', 'Palestinian refugees (UNRWA mandate)',...</table>
<step-1>: Identify the distinct categories listed under the 'Refugees' section in the chart.
<step-2>: Count the number of unique categories identified.
<step-3>: Verify that all categories listed under 'Refugees' are accounted for without any duplicates.
<step-4>: Confirm the count matches the answer provided.
<answer>2</answer>
Chart-RVR Rationale: 
<type>Stacked Bar</type>
<table>\n{"columns": ["Year", "Refugees (UNHCR mandate)", "Palestinian refugees (UNRWA mandate)",...</table>
<step-1>: Count the number of categories represented on the chart, each corresponding to a refugee category.
<step-2>: Identify the legend, noting it lists the categories: Refugees (UNHCR mandate), Palestinian refugees (UNRWA mandate), 
IDPs of concern to UNHCR, Asylum-seekers, Others of concern, Stateless persons, and Other people in need of international 
protection.
<step-3>: Verify each category, confirming there are seven categories.
<step-4>: Examine the chart, recognizing them as the refugee categories.
<step-5>: Verify the legend, confirming there are seven categories.
<step-6>: Provide a count, answering that there were 7 refugee categories mentioned in the chart.
<answer>7</answer>

CoT Rationale: 
<type>line</type>
<table>{ "columns": [\n        "Month",\n        "Sale",\n        "Profit",\n        "Exp_fixed",\n        "Exp_var"\n</table>
<step-1> The chart is a line chart showing sales profit over time.
<step-2> From the chart, we can see that the red line represents the \'Profit\' category.
<step-3> We need to find the value of the red line at the second April (which is May).
<step-4> Looking at the chart, the red line reaches its peak at around 350 units in May.
<step-5> Therefore, the value of the red line at the second April (May) is approximately 350 units.
<answer>350</answer>

SFT Rationale: 
<type>line</type>
<table>{'columns': ['Month', 'Sale', 'Profit', 'Exp_fixed', 'Exp_var'], 'rows': [['Jan', '300', '150', '50', '70'],.. </table>
<step-1>: Identify the red line which represents 'Profit'.
<step-2>: Locate the second occurrence of 'April' on the x-axis.
<step-3>: Read the corresponding y-value for the red line at that point.
<step-4>: Verify that the value is approximately 150.
<step-5>: Confirm there are no other conflicting values or errors."
<answer>150</answer>

Chart-RVR Rationale: 
<type>Line</type>
<table>{"columns": ["Month", "Sale", "Profit", "Exp_fixed", "Exp_var"],"rows": [["Jan", 300, 150, 50, 100],</table>
<step-1>: Identify the red line, which represents the Profit data.
<step-2>: Examine the chart, noting the second occurrence of April. This is the second April after January.
<step-3>: Verify the value associated with this red line, comparing it to the graph.
<step-4>: Determine the value at the second April, comparing it to the data: the profit value is 300.
<step-5>: Confirm it is the red line, corresponding to the second April.
<step-6>: Provide a answer to confirm the value is 300, associated with this red line.
<answer>300</answer>

Query: ['How many refugee categories 
were mentioned in the chart?']
Ground Truth: ['7']

Query: ['What is the value of the 
red line at the second April?']
Ground Truth: ['300']

Figure 6: Example failure cases from the EvoChart dataset (OOD) where Chart-RVR outperforms
CoT and SFT on 2 challenging examples.

Next, in Figure 7, Chart-RVR correctly identifies the ‘BeReal’ category, which is not picked up by
both CoT and SFT, as it is only one data point on the line chart. This reinforces the need to condition
reasoning on faithful table reconstruction. In the next image, Chart-RVR is able to capture the entity
‘3.6’ accurately, where both CoT and SFT fail.

In Figures 10,11, and 12, we report cases where Chart-RVR outperforms both CoT and SFT on the
ChartQA dataset. We observe that Chart-RVR is particularly accurate in cases where the chart is
extremely complex.

A.6 ADDITIONAL RESULTS ON CHARXIV

We report more results on the CharXiv-Reasoning benchmark Wang et al. (2024) in Table 7.

Method CharXiv (reasoning)

CoT 26.2
SFT-Hard 29.6
Chart-RVR-Hard 34.3

Table 7: Performance on the CharXiv reasoning subset.
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CoT Rationale: 
<type>line</type>
<table>{ "columns": ["App","Year"],"rows": [ ["YouTube", "2016"], ["Facebook", "2016"], ["Instagram", "2016"],["Pinterest"
<step-1>The chart is a line graph showing the percentage of U.S. adults who say they ever use various social… will count the 
number of distinct apps mentioned in the legend at the top of the chart.\n</step-2>\n<step-3>\nI will verify that all the apps listed in 
the legend are indeed mentioned in the data rows.\n</step-3>\n<step-4>\nThe apps mentioned in the chart are YouTube, 
Facebook, Instagram, Pinterest, LinkedIn, Snapchat, Twitter (X), Reddit, and BeReal
<answer>9</answer>
SFT Rationale: 
<type>line</type>
<table>\n{'columns': ['Year', 'YouTube', 'Facebook', 'Instagram', 'Pinterest', 'LinkedIn', '....</table>
<step-1>: Provide a description of reasoning  The chart lists various social media platforms along with their usage percentages over 
<step-2>: Gather ALL the appropriate data from the chart  There are ten distinct lines representing different social media platforms: 
YouTube, Facebook, Instagram, Pinterest, LinkedIn, WhatsApp, Snapchat, Twitter (X), Reddit, and BeReal.\n\n
<step-3>: Break down the query into smaller parts and verify each part with the data  The question asks for the number of apps 
mentioned. By counting the unique lines in the chart, we can determine there are 10 distinct platforms.\n\n
<step-4>: Do the final calculation or reasoning to derive the answer  Counting the lines confirms that there are indeed 10 apps 
<answer>10</answer>
Chart-RVR Rationale: 
<type>Line</type>
<table>{"columns": ["Year", "YouTube", "Facebook", "TikTok", "Instagram", "Pinterest", "LinkedIn"....</table>
<step-1>: Count the number of app names on the chart, identifying them along the legend.
<step-2>: Gather information about each app, recognizing it on the graph, which represents YouTube, Facebook, TikTok, Instagram, 
Pinterest, LinkedIn, WhatsApp, Snapchat, Twitter (X), Reddit, and BeReal.
<step-3>: Verify the chart, counting each app mentioned.
<step-4>: Examine the data, confirming there are 11 apps in total.\n<step-5>: Verify the legend, confirming it lists all the 
applications.\n<step-6>: Provide a count, answering that there are 11 apps mentioned in the chart.
<answer>7</answer>

CoT Rationale: 
<type>scatterplot</type>
<table>\n{\n   "columns": [\n      "Year",\n      "All items",\n      "Excluding food and energy",\n      "Excluding shelte…</table>
<step-1> The chart shows the year-over-year change in the Consumer Price Index (CPI) for all urban consumers in the U.S. over 
time.</step-1>
<step-2> From the data provided, we can see that the CPI excluding food and energy was at 2.2% in April 2024.</step-2>
<step-3> This information directly answers the question asked.
<answer>2.2</answer>

SFT Rationale: 
<type>line</type>
<table>{'columns': ['Year', 'All items', 'Excluding food and energy', 'Excluding shelter'], 'rows': [['2019', 'None',</table>
<step-1>: Identify the relevant data point for April 2024 under the 'Excluding food and energy' category.
<step-2>: The data shows that the percentage value for 'Excluding food and energy' in April 2024 is 3.4%.
<step-3>: Verify that there are no other conflicting values or additional context needed for this specific question.
<step-4>: Confirm that the answer matches the provided answer of 3.4%.
<step-5>: VERIFY the final answer is correct for no hallucinations.
<answer>3.4</answer>

Chart-RVR Rationale: 
<type>Line</type>
<table>{"columns": ["Year", "All items", "Excluding food and energy", "Excluding shelter"],"rows": [["2019", 2, 2, 2], …</table>
<step-1>: Examine the chart, identifying the year for April 2024, which is represented as \'24\'.
<step-2>: Gather the value associated with \'Excluding food and energy\' for this year. It represents the data for April 2024.
<step-3>: Verify the percentage value, confirming it is 3.6%.
<step-4>: Compare the chart with the information given, noting the value associated with April 2024.
<step-5>: Confirm that this corresponds to the \'Excluding food and energy\' category, with a value of 3.6%.
<step-6>: Provide a direct answer to confirm the question asks for this percentage value in April 2024.
<answer>3.6</answer>

Query: ['How many apps are mentioned    
in the chart?']
Ground Truth: ['11']

Query: ['What is the percentage 
value of excluding food and 
energy in April 2024?']
Ground Truth: ['3.6']

Figure 7: Example failure cases from the EvoChart dataset (OOD) where Chart-RVR outperforms
CoT and SFT on 2 challenging examples.

A.7 ADDITIONAL EXPLAINABILITY RESULTS

Table 8 reports the improvement on the explainability metric for LLaVA-Next-72B under three train-
ing modes (CoT, SFT, Chart-RVR). Chart-RVR delivers the largest gains on 4/5 datasets, notably
+0.38 on ChartQA and +0.23 on EvoChart—while SFT narrowly leads on PlotQA (+0.1642 vs
+0.1632). Overall gains are modest on harder sets (e.g., ChartQAPro = +0.058), but Chart-RVR
provides the most consistent uplift in explainability.

Table 8: Explainability Results using LLaVA-Next-72B.

Dataset ∆ CoT ∆ SFT ∆ Chart-RVR
ChartQA +0.27 +0.29 +0.38

ChartQA (human) +0.21 +0.21 +0.25
PlotQA +0.1605 +0.1642 +0.1632

EvoChart +0.16 +0.14 +0.23
ChartQAPro +0.049 +0.043 +0.058
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A.8 FAILURE CASES

Finally, in Figure 8, we report 2 failure cases of Chart-RVR on the OOD dataset EvoChart. The top
chart is composed of both line and bar graphs together, making the reasoning process confounded.
Note that Chart-RVR correctly identifies the chart type, i.e., line, which is the correct chart to look
for, but answers the approximate value 6, which is very close to 5 and can be attributed to a scaling
issue. In the next chart, the values of both lines in 2023 are extremely overlapping; hence, all
approaches make errors.

CoT Rationale: 
<type>\nbar\n</type>
<table>{\ "columns": [ "year", "G7 GDP growth","Global GDP growth",...  "rows":  ["2021", 5.6, 6.4, 7.1] </table>
<step-1> The chart shows three bars representing G7 inflation for different years. We need to find the value of G7 inflation in 2023.
<step-2> In the year 2023, the bar representing G7 inflation is located at the intersection of the year 2023 and the orange bar 
<step-3> The height of the orange bar in 2023 indicates the value of G7 inflation for that year.
<step-4> The value of G7 inflation in 2023 is 3.2%.
<answer>3.2</answer>

SFT Rationale: 
<type>bar</type>
<table>{'columns': ['Year', 'G7 GDP growth', 'Global GDP growth', 'G7 inflation', 'Global inflation'], 'rows': [['2021..</table>
<step-1>: Identify the relevant data point for G7 inflation in 2023.
<step-2>: Locate the year 2023 in the chart and find the corresponding value for G7 inflation.
<step-3>: Verify that the value for G7 inflation in 2023 is indeed 2.5%.
<step-4>: Confirm that there are no other conflicting values or errors in the data.
<answer>2.5</answer>

Chart-RVR Rationale: 
<type>Line</type>
<table>{"columns": ["Year", "G7 GDP growth", "Global GDP growth", "G…n"rows": [["2021", 5.8, 6.4, 3.8, 6.5],</table>
<step-1>: Examine the chart, identifying the year 2023. This year corresponds to 2023.
<step-2>: Gather the value associated with G7 inflation for this year. It represents the data for 2023.
<step-3>: Verify the graph, confirming it shows the value associated with each year.
<step-4>: Locate the information for 2023, comparing it to the values for G7 inflation.
<step-5>: Verify the value, which is 6.0% for 2023.
<step-6>: Provide a direct answer to confirm the value of G7 inflation in 2023 is 6.0.
<answer>6.0</answer>

CoT Rationale: 
<type>line</type>
<table>{"columns": ["decade", "House", "Senate"], "rows": [["83rd", "74%", "75%"], ["93rd", "62%", "81%"],</table>
<step-1>First, I need to identify the relevant data points for the House and Senate in the year 2023. The chart shows that in the 
118th decade (which corresponds to 2023), the House has 18.4% of its members who have previous military service, while the 
Senate has 17%.
<step-2>Next, I should confirm if there is any additional information needed to answer the question. In this case, the data provided 
directly answers the question without requiring further analysis.
<step-3>Finally, I can conclude that the percentage of House members who have previous military service in 2023 is 18.4%.
<answer>18.4</answer>

SFT Rationale: 
<type>line</type>
<table>{'columns': ['Year', 'House', 'Senate'], 'rows': [['83rd 1953', '74', '62'], ['93rd 1973', '75', '81'],</table>
<step-1>: Identify the relevant data point for the House in 2023.
<step-2>: From the chart, the value for the House in 2023 is approximately 18.4%.
<step-3>: Verify that there are no other conflicting values or annotations for 2023.
<step-4>: Confirm that the answer matches the provided answer of 18.4.
<step-5>: VERIFY the final answer is correct for no hallucinations.
<answer>18.4</answer>

Chart-RVR Rationale: 
<type>Line</type>
<table>{"columns": ["Year", "House", "Senate"],"rows": [["83rd 1953", 74, 62], ["93rd 1973", 75, 81],</table>
<step-1>: Examine the chart, identifying the year 2023 for the House members.
<step-2>: Gather the percentage value associated with this year, comparing it to the data for the House.
<step-3>: Verify the information, noting the percentage for 2023 is 18.4%.
<step-4>: Confirm it represents the House members\' percentage of having previous military service in 2023.
<step-5>: Provide a direct answer, verifying the answer is 18.4%.
<answer>18.4</answer>

Query: ['What is the value of G7 
inflation in year 2023?']
Ground Truth: ['5']

Query: ['How many percent of 
house members have previous 
military sevice in 2023?']
Ground Truth: ['17']

Figure 8: Example failure case from the EvoChart dataset (OOD) where all Chart-RVR, CoT, and
SFT output wrong answers.

A.9 HUMAN STUDY

Finally, to ascertain the interpretability of the rationales generated by our approach as compared to
SFT and CoT, we conduct a human study with 5 graduate-level volunteers. Our study has 5 data
samples from the ChartQA and EvoChart datasets, which are correctly classified by all 3 approaches
- CoT, SFT, and Chart-RVR, and the traces output by these approaches. We do not disclose which
method produces what trace, and also shuffle the options. We show the instructions for the study, a
sample question, and the final results in Figure 9. As can be observed, most people prefer Chart-RVR
responses for 4/5 questions as compared to SFT and CoT, implying a clear preference.
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Figure 9: Layout and results of the human study. (LEFT) Instructions to the volunteers, (MIDDLE)
Sample Question, and (RIGHT) Percentage of people preferring each of the 3 approaches.

CoT Rationale: 
<type>bar</type>
<table>{"columns": ["year", "Net income (in million U.S. dollars)"], "rows": [["Q1 2010", 12.79], ["Q2..,</table>
<step-1>: The chart is a bar chart. It shows the Net income (in million U.S. dollars) over time.
<step-2>: I can see that the x-axis represents the quarters from Q1 2010 to Q4 2021, while y-axis is Net income.
<step-3>: The query asks for The Times Company\'s net income in the first quarter of 2021. Looking at the chart, I can see that the first 
quarter of 2021 corresponds to Q1 2021 on the x-axis.
<step-4>: In the first quarter of 2021, the bar reaches up to 10.76 million U.S. dollars.
<step-5>: Therefore, The Times Company\'s net income in the first quarter of 2021 was 10.76 million U.S. dollars.
<answer>10.76</answer>
SFT Rationale: 
<type>bar</type>
<table>{'columns': ['Quarter', 'Net income in million U.S. dollars'], 'rows': [['Q1 2010', '12.79'], ['Q2 2010', '-4.26'],</table>
<step-1>: Identify the relevant data point for Q1 2021 from the chart.
<step-2>: Locate the value corresponding to Q1 2021, which is labeled as 11.1.
<step-3>: Verify that the value matches the expected answer.
<step-4>: Confirm there are no discrepancies or errors in the data.
<step-5>: VERIFY the final answer is correct for no hallucinations.
<answer>11.1</answer>
Chart-RVR Rationale: 
<type>Bar</type>
<table>{"columns": ["Quarter", "Net income in million U.S. dollars"],"rows": [["Q1 2010", 12.79], ["Q2 2010",..</table>
<step-1>: Examine the chart, identifying the data for the first quarter of 2021, which is Q1 2021.
<step-2>: Gather the net income value associated with this quarter. It represents the first quarter of 2021.
<step-3>: Verify the value: the chart shows 41.11 million U.S. dollars for Q1 2021.
<step-4>: Confirm this is the net income for the first quarter of 2021.
<step-5>: Verify it corresponds to Q1 2021, confirming the question asks for this information.
<step-6>: Provide a direct answer, verifying the Times Company\'s net income in the first quarter of 2021 was 41.11 million U.S. dollars.
<answer>41.11</answer>

CoT Rationale: 
<type>bar</type>
<table> {"columns": ["country", "price"], "rows": [["China", 500], ["South Korea", 200],..</table>
<step-1> I observe that chart is a bar chart, which is used to compare different categories across a single dimension.
<step-2>I gather the following data from the chart:\n- China: 500\n- South Korea: 200\n- Japan: 65\n- Canada: 50\n- France: 50\n- 
Belgium: 20\n- Peru: 10\n- Russia: 5\n- United States*: 900
<step-3>To answer the question, I need to identify the country with the highest value, as it represents the largest refinery producer of 
indium in 2020.
<step-4>Comparing the values, I see that the United States has the highest value at 900.
<step-5>Therefore, the United States was the world\'s largest refinery producer of indium in 2020.
<answer>United States</answer>
SFT Rationale: 
<type>bar</type>
<table>{'columns': ['Country', 'Price in U.S. dollars per kilogram'], 'rows': [['China', '500'], ['South Korea'..</table>
<step-1>: Identify the country with the highest value in the chart which represents the largest refinery producer.
<step-2>: The United States has the highest value at 900 U.S. dollars per kilogram.
<step-3>: Verify that no other country exceeds this value.
<step-4>: Confirm that the United States is indeed the largest refinery producer according to the chart.
<step-5>: VERIFY the final answer is correct for no hallucinations."]
<answer>United States</answer>
Chart-RVR Rationale: 
<type>Bar</type>
<table>{"columns": ["Country", "Price in U.S. dollars per kilogram"],\n"rows": [["China", 500], ["South… </table>
<step-1>: Identify the country with the highest value for the price per kilogram, indicating the largest refinery producer of indium. The 
chart shows China has the highest value at 500 U.S. dollars per kilogram.
<step-2>: Examine the chart, comparing the prices for each country, noting the largest number, which represents the world total at 900 
U.S. dollars per kilogram.
<step-3>: Verify the data, confirming it pertains to the world total.
<step-4>: Recognize that this total includes China at 500 U.S. dollars per kilogram, making it the largest producer.
<step-5>: Verify the question asks about the country with the largest refinery production of indium. China leads with this highest value.
<step-6>: Provide a direct answer, confirming China was the world\'s largest refinery producer of indium in 2020.
<answer>China</answer>

Query: ["What was The Times Company's 
net income in the first quarter of 2021?"]
Ground Truth: ['41.11']

Query: ["What country was the world's largest 
refinery producer of indium in 2020?"]
Ground Truth: ['China']

Figure 10: Example failure cases from the ChartQA dataset (ID) where Chart-RVR outperforms
CoT and SFT on 2 challenging examples.
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CoT Rationale: 
<type>line</type>
<table>{"columns": ["year", "GDP (in billion U.S. dollars)"], "rows": [[1986, 29.5733], [1988, 49.09], [1990, 53.44]...}</table>
<step-1> The chart is a line graph showing the GDP of the United Arab Emirates over time.
<step-2> From the x-axis, we can see that the years range from 1986 to 2028. The y-axis represents the GDP in billions..
<step-3> To find the GDP of the UAE in 2019, I need to locate the year 2019  and read the corresponding value on y-axis.
<step-4> The value for 2019 is approximately 358.14 billion U.S. dollars.
<answer>358.14</answer>
SFT Rationale: 
<type>line</type>
<table>{'columns': ['Year', 'GDP (in billion U.S. dollars)'], 'rows': [['1986', '29.5733'], ['1988', '49.09'],..</table>
<step-1>: Identify the year 2019 on the x-axis of the chart.
<step-2>: Locate the corresponding value on the y-axis for the year 2019.
<step-3>: Verify that the value for 2019 is approximately 385.61 billion U.S. dollars.
<step-4>: Confirm that the answer matches the provided answer of 385.61.
<step-5>: VERIFY the final answer is correct for no hallucinations.
<answer>385.61</answer>
Chart-RVR Rationale: 
<type>Line</type>
<table>{"columns": ["Year", "GDP in billion U.S. dollars"],"rows": [["1986", 29.57], ["1988", 38.5],</table>
<step-1>: Examine the chart, identifying the year 2019, which corresponds to the data we\'re looking for.
<step-2>: Gather the GDP value associated with this year. It represents the United Arab Emirates\' GDP in billions
<step-3>: Verify the graph, confirming it shows the GDP for each year, including 2019.
<step-4>: Locate the value for 2019, comparing it to the chart.
<step-5>: Verify the GDP amount, which is 422.22 billion U.S. dollars for 2019.
<answer>422.22</answer>

CoT Rationale: 
<type>bar</type>
<table> {"columns": ["Country", "Youth unemployment rate (%)"], "rows": [["Spain", 19.9], ["Greece", 54.6],...</table>
<step-1>The chart is a bar graph showing the youth unemployment rates across different countries. The x-axis represents 
the countries, and the y-axis represents the youth unemployment rate in percentage terms.
<step-2>Gathering data:
To find Spain\'s youth unemployment rate, I need to locate Spain on the x-axis and read the corresponding value on y-axis.
<step-3>Verifying the data:\nI can see that Spain is listed as the first country on the x-axis, and its value on y-axis is 19.9%.
<step-4>Final calculation:\nThe youth unemployment rate for Spain in January 2021 is 19.9%.
<answer>19.9</answer>
SFT Rationale: 
<type>bar</type>
<table> {'columns': ['Country', 'Youth unemployment rate'], 'rows': [['Spain', '19.9%'], ['Greece', '5.4%'],</table>
<step-1>: Identify the country in question - Spain.
<step-2>: Locate Spain's corresponding value in the chart - 19.9%.
<step-3>: Verify that the value matches the provided answer - it does.
<step-4>: Confirm there are no discrepancies or errors in the data.
<answer>19.9</answer>
Chart-RVR Rationale: 
['<type>Bar</type>
<table>{"columns": ["Country", "Youth unemployment rate"],"rows": [["Spain", 39], [</table>
<step-1>: Examine the chart, identifying the information for Spain. The chart clearly indicates its youth unemployment rate.
<step-2>: Gather the data associated with Spain, noting it has a blue bar representing the country.
<step-3>: Verify the value associated with Spain, confirming it is 39%.
<step-4>: Confirm this represents the youth unemployment rate for January 2021.
<step-5>: Compare the chart with the question, verifying the answer is correct.
<step-6>: Provide a direct answer to confirm Spain\'s youth unemployment rate in January 2021 was 39%.
<answer>39.9</answer>

Query: ['What was the GDP of the 
United Arab Emirates in dollars in 2019?']
Ground Truth: ['419.35']

Query: ["What was Spain's youth 
unemployment rate in January 2021?"]
Ground Truth: ['39.9']

Figure 11: Example failure cases from the ChartQA dataset (ID) where Chart-RVR outperforms
CoT and SFT on 2 challenging examples.
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CoT Rationale: 
<type>bar</type>
<table>
{"columns": ["State", "Number of patients"], "rows": [["Mexico City", 167189], ["State of 
Mexico",...
</table>
<step-1> The chart is a bar chart showing the number of patients from different states in 
Mexico.
<step-2> From the chart, I can see that the state of Mexico has the highest number of 
patients at 63,085.
<step-3> The question asks specifically about patients coming from the neighboring state 
of Mexico, which is the State of Mexico itself.
<step-4> Therefore, the answer is the number of patients from the State of Mexico, which 
is 63,085.']
<answer> 63085 </answer>
SFT Rationale: 
<type>bar</type>
<table>
{\'columns\': [\'State\', \'Number of patients\'], 
\'rows\': [[\'Mexico City\', \'67085\'], [\'State of Mexico\', \'470\'], [\'Puebla\', \'297\'],
</table>
<step-1>: Identify the relevant data for the neighboring state of Mexico which is "State of 
Mexico".
<step-2>: From the chart, the number of patients from the State of Mexico is 470.
<step-3>: Verify that there are no other states listed as being part of the neighboring 
region.
<step-4>: Confirm that the answer matches the data from the chart.
<step-5>: VERIFY the final answer is correct for no hallucinations.
<answer> 470 </answer>
GRPO Rationale: 
<type>Bar</type>
<table>
{"columns": ["State", "Number of patients"],
"rows": [["Mexico City", 162189], ["State of Mexico", 63086], ["Puebla", 1470],....
</table>
<step-1>: Identify the information related to the neighboring state of Mexico, which is the 
State of Mexico. This state has 63,086 patients, indicating it is the neighboring state in 
question.
<step-2>: Examine the chart, comparing it to the data for Mexico City, the largest state, 
with 162,189 patients.
<step-3>: Verify the number of patients associated with the State of Mexico, noting it has 
63,086 patients.
<step-4>: Confirm this represents the neighboring state of Mexico, as it is the state 
adjacent to Mexico City.
<step-5>: Verify the question asks for the number of patients coming from this 
neighboring state. The answer is 63,086.
<step-6>: Provide a final calculation and reasoning, confirming the answer is correct, as 
it corresponds to the patients from the State of Mexico.
<answer> 63086 </answer>

Query: ['How many patients came from the 
neighboring state of Mexico?']
Ground Truth: ['63086']

Figure 12: Example failure case from the ChartQA dataset (ID) where Chart-RVR outperforms CoT
and SFT
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