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Abstract

Current vision-language models struggle to
parse the dense visual content in charts. The
chart-to-code task addresses this by converting
visual data into executable rendering code. Pre-
vious approaches rely on static and synthetic
datasets, but these collections often lack diver-
sity in chart types and underlying data distribu-
tions. This limitation contrasts with real-world
charts that evolve continuously across domains.
To bridge this gap, we propose Lyra, a fully au-
tomated lifelong learning framework for chart-
to-code generation. We employ a large lan-
guage model as a strategic data generator that
generates chart-code pairs to train the vision-
language model. The vision-language model
assesses these samples to identify challenging
instances and guides the language model to
optimize its generation strategy while simul-
taneously refining its own charting capabili-
ties through training on the synthesized data.
Our experiments demonstrate that Lyra pro-
gressively improves performance across three
out-of-domain benchmarks while successfully
mitigating catastrophic forgetting and achiev-
ing superior sample efficiency compared to
prior work.

1 Introduction

Large Multimodal Models (LMMs) have demon-
strated strong capabilities in general visual under-
standing (Yue et al., 2025; Lu et al., 2024). How-
ever, accurately interpreting the dense visual con-
tent and structural relationships within charts re-
mains a persistent challenge (Masry et al., 2022).
Charts are critical for communicating quantitative
information, but require models to perform precise
perception of fine-grained elements and complex
multi-step reasoning.

To address this, recent approaches (Yang et al.,
2024; Wu et al., 2025) decompose chart reason-
ing into two distinct stages comprising chart-to-
code translation and subsequent code reasoning.

In this paradigm, the multimodal model focuses
exclusively on translating the visual chart into a
code representation while a language model per-
forms complex reasoning over the code to derive
answers. This separation allows systems to exploit
the robust code reasoning capabilities of modern
LLMs. Previous studies primarily rely on static
datasets crawled from the web or generated by pro-
prietary language models (Xia et al., 2025; Zhao
et al., 2025). However, these static collections fail
to capture the continuous evolution of real-world
visualization styles and domains. Consequently,
models trained on fixed corpora struggle to general-
ize to novel chart types or underlying data distribu-
tions. Moreover, existing machine-generated data
ignores the current state of the model on the chart-
to-code task. This leads to an inefficient training
data distribution where some examples are trivial
and redundant while others remain too challenging.
We therefore raise the following research question:

How can we continually improve the
chart-to-code capabilities of multimodal
models as data and visualization styles
evolve over time?

We answer this by proposing Lyra, a framework
for fully automated lifelong chart-to-code learning.
Lyra establishes a dynamic teacher-student loop.
A large language model serves as the teacher that
devises improvement plans and generates training
data, while a vision-language model acts as the
student that learns to generate code from the given
chart image. Unlike prior work targeting impera-
tive libraries like Matplotlib, our student predicts
Vega-Lite JSON specifications. We utilize Vega-
Lite because its declarative grammar explicitly en-
codes visualization priors, which significantly re-
duces the output search space and simplifies the
learning objective. The core of Lyra lies in its
ability to adaptively regulate training based on the
student’s current performance. Specifically, the



teacher generates diverse and complex charting
tasks that target instances where the student previ-
ously struggled. To identify these failure cases effi-
ciently, we introduce SpecSim, a metric that evalu-
ates the syntactic and semantic alignment of Vega-
Lite specifications without the prohibitive computa-
tional costs associated with VLM-as-a-Judge. For
lifelong learning, we employ Prioritized Experi-
ence Replay (PER) (Schaul et al., 2015) to retain
previously acquired skills and mitigate catastrophic
forgetting.

We evaluated Lyra on three out-of-domain
benchmarks comprising Plot2Code, ChartX, and
ChartMimic. Experimental results demonstrate that
Lyra progressively improves chart-to-code perfor-
mance and exhibits better sample efficiency com-
pared to baselines. Furthermore, our analysis re-
veals that expanding the replay memory more fre-
quently with fewer training examples per round
leads to better performance than less frequent,
larger per-step data volumes. This finding validates
the effectiveness of the language model-guided cur-
riculum in driving continual improvement. As the
first framework to apply lifelong learning to the
chart-to-code task using declarative grammar, we
believe Lyra offers a robust foundation for future
research in adaptive multimodal systems.

2 Related Work

2.1 Lifelong Learning in LLM

Lifelong learning addresses the challenge of
knowledge retention without catastrophic forget-
ting (Zheng et al., 2025b,a; Chen and Liu, 2018).
While classic approaches utilize rehearsal and reg-
ularization (Rolnick et al., 2019; Kirkpatrick et al.,
2017; Mallya and Lazebnik, 2018), recent work ex-
tends these methods to LL.Ms for tasks like instruc-
tion following and knowledge editing (Jin et al.,
2022; Luo et al., 2025; Jang et al., 2021). Our work
specifically aligns with LLM-based agents in dy-
namic environments where the model functions as
a cognitive core (Xi et al., 2025). These agents
employ modular architectures that integrate percep-
tion for multimodal grounding (Zhou et al., 2023;
Jaegle et al., 2021), hierarchical memory for storing
interaction histories (Chevalier et al., 2023; Vitter,
1985; Qin et al., 2023), and action modules for rea-
soning (Sumers et al., 2023; Yao et al., 2022). In
this context, lifelong learning occurs through con-
tinuous memory updates and policy refinements to
adapt to evolving multimodal tasks.

2.2 LLM-Driven Data Synthesis

LLMs have emerged as effective tools for synthetic
data generation due to their broad world knowl-
edge and instruction-following capabilities (Long
et al., 2024; Ding et al., 2023a; Eldan and Li, 2023).
These properties allow models to produce data that
mimics real-world distributions while targeting spe-
cific formats or difficulty levels. Previous stud-
ies utilize prompt engineering (Liu et al., 2024b;
Gunasekar et al., 2023) and multi-step generation
pipelines (Ding et al., 2023b; Honovich et al., 2023)
to generate faithful natural language data. Recent
studies extend these capabilities to generate mul-
timodal data using text-based language models.
ReachQA (He et al., 2025) synthesizes chart ren-
dering code and image pairs with self-instruction
and evolutionary strategies starting from seed code
in the Matplotlib gallery. ChartCoder-160k (Zhao
et al., 2025) adopts a similar approach using GPT-4
to generate a large-scale dataset of approximately
160k samples. These approaches demonstrate sig-
nificant performance improvements when models
are trained on their synthetic data. However, their
data covers a comparatively narrow range of chart-
ing tasks with unstructured difficulty levels because
they do not account for the current proficiency of
the vision-language model. Our proposed Lyra
ensures that generated data is grounded in the cur-
rent state of the vision-language model and targets
diverse chart styles and previously unseen data.

3 Proposed Method

In this section, we introduce Lyra, an LLM-driven
data synthesis and training framework for fully
automated lifelong learning of chart-to-code task.

3.1 Lyra

Lyra adopts a teacher-student framework to en-
hance chart-to-code generation. A Large Lan-
guage Model acts as the teacher to design a cur-
riculum based on the current capabilities of the stu-
dent. It subsequently generates synthetic training
data aligned with this plan. The Vision-Language
Model functions as the student. It learns the task
while providing feedback regarding the difficulty
of specific samples. We iteratively generate data
and finetune the Vision-Language Model using
this guidance. Since iterative finetuning is prone
to catastrophic forgetting, we use replay mem-
ory (Lin, 1992) and prioritized experience replay
(PER) (Schaul et al., 2015). Specifically, Lyra



Algorithm 1: Lyra, Lifelong Chart-to-Code Learning

Input: VLM 7, LLM ¢, initial replay memory My = {(d;, s;)}

| Mo|
i=1"

d; = (IZ', C;, TZ), total

iterations 2, number of training examples Ny, .

Output: Trained VLM 7, replay memory Mg.

fort=0,1,...,R—1do
Mt <— Add(Mt,1,¢);
Mt — Update(Mt,Trt_l);

Z—ttrain ~ P(l | Mt) with |1;t7’ain| — Ntr;
Dirain ¢ Ld; : (d;, s;) € My, i € Tfran};
7+ argmin, L(m_1; Diren);

Mt — Update(Mt, Tt, )

return (ﬂ‘R, MR).

// Sample training subset using prioritized replay

stores all generated data points d; = (I;, Cy, T;) in
a replay memory M, together with their scores s;.
Here, I; is a chart image, C; is the corresponding
Vega-Lite specification, and 7T; is a one sentence de-
scription of what I; depicts. We choose Vega-Lite
as our code representation because its declarative
grammar significantly reduces the complexity of
the code generation task compared to imperative
plotting libraries, as detailed in Appendix A.1. The
score s; reflects the vision-language model’s chart-
to-code performance on that data point and can
be updated at different stages. At every iteration
of vision-language model training, we sample Ny,
training examples from the replay memory with
probabilities defined over the inverse ranks of their
scores in M.

Concretely, we define the probability of sam-
pling the i-th example as,

r. ¢ 1
P(i|M) = (1 - )= — T (1)
E=1"k

where r; is the rank of the i-th sample in memory
M, a and € are smoothing parameters of the prob-
ability distribution. Since examples with lower
ranks are more likely to be sampled, the vision-
language model is encouraged to learn from its
previous failures. At the same time, high-ranked
examples retain a non-zero probability of being
sampled, so the model is still regularly exposed to
examples it previously succeeded on. We provide
pseudocode for Lyra in Algorithm 1 to support a
more detailed understanding of the overall process.
In the following sections, we introduce two key
memory operations, Add and Update, which ex-

pand and maintain the replay memory to enable
lifelong learning of the chart-to-code task.

3.2 Add Operation

The Add operation introduces new entries into the
replay memory. It consists of two sequential pro-
cesses: task generation and Vega-Lite specification
generation. We present the pseudocode of the Add
operation in Algorithm 2.

Task Generation Voyager (Wang et al., 2023)
has demonstrated that large language model agents
can design plans to progressively improve the skills
required to solve a task by considering their cur-
rent state. Inspired by this, we generate new tasks
by first sampling easy-to-translate and difficult-to-
translate examples from the memory at time ¢, M;.
We categorize an example as easy if its score ex-
ceeds a threshold 7 and as difficult otherwise. The
threshold 7 is set either to a fixed value or to a
statistic of the scores in M, such as the mean or
median. We then partition the memory into two
disjoint sets, M;* and M}"®*d, such that s; > 7
for d; € M;*Y and s; < 7 for d; € M}, We
sample hard tasks from M4 with probabilities
defined in Equation 1. For easy tasks, we rank ex-
amples in descending order of their scores so that
higher-scored examples are more likely to be sam-
pled. Here, our scheme suppresses sampling near
the partition boundary. Examples in this region
often provide ambiguous signals, as they are not
clearly classified as easy or hard. After sampling
easy and hard examples, we feed them to the large
language model together with the task-generation
prompt Pr shown in Figure 9. The output of the
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Figure 1: Overview of the Add operation. This operation introduces new entries into the replay memory.

language model is a new task and its accompany-
ing reasoning, which explains why training and
evaluating the model on this task is necessary for
mastering the chart-to-code translation task.

Vega-Lite Specification Generation The newly
generated tasks from the task generator are not yet
paired with actual chart images and Vega-Lite spec-
ifications. Therefore, we convert each task into a
Vega-Lite specification and subsequently render it
to obtain a chart image. We pass the generated
tasks and their associated reasoning from the task
generator as input to the large language model with
the Vega-Lite specification generation prompt Pg
in Figure 8. When generating Vega-Lite specifi-
cations, we impose several constraints motivated
by empirical observations. For example, we re-
spect Vega-Lite defaults to leverage its built-in prior
knowledge, and we generate synthetic datasets in-
stead of downloading presets from the Vega-Lite
ecosystem to ensure diversity in the replay memory.
The output of the language model is a Vega-Lite
JSON specification, which we convert into a chart
image using the Vega rendering engine. We then
store the triple (I, C,T') into the replay memory
with a null-valued score and denote the replay mem-
ory after adding new entries as My .

3.3 Update Operation

The Update operation refreshes the scores of entries
stored in the replay memory. We update an entry
when its score is nul/l-valued or when it has been
used to train the vision-language model. Similar
to the Add operation, Update consists of two sub-
sequent processes: chart-to-code translation and
evaluation. We present the pseudocode of the Up-
date operation in Algorithm 3.

Chart-to-Code Translation This task is the only
process in Lyra in which the vision-language
model participates directly, and it is also the pri-
mary objective of lifelong learning. The vision-
language model receives a chart image together
with the Vega-Lite specification generation prompt

P in Figure 7 as input and outputs a JSON speci-
fication. Although both Pg and Pz produce JSON
specifications, their inputs and purposes differ.
While Pg is designed to expand the replay memory
by generating diverse and task-consistent examples,
P aims to generate code that perfectly reproduces
a given chart image.

Evaluation Recent studies have used a vision-
language model-as-judge (VLM-as-judge) as a pri-
mary similarity metric, since it can capture seman-
tic similarity between images that conventional
metrics such as NRMSE and SSIM cannot (Xia
et al., 2025; Wu et al., 2025). However, VLM-
as-judge is computationally expensive because it
relies on large models, making it a major bottle-
neck if used for every Update operation. Unlike test
benchmarks for chart-to-code, our data generation
pipeline produces not only chart images but also
ground-truth Vega-Lite JSON specifications. This
enables a lightweight, model-free metric, SpecSim,
that measures both syntactic and semantic simi-
larity between two Vega-Lite specifications. For
the syntactic component, we simply flatten each
JSON specification into a string and measure the
edit distance between the two strings. For the se-
mantic component, we decompose each specifica-
tion into a small set of visualization components,
mark, encoding, data, and transform, and compute
a component-wise similarity score. Further details
of how SpecSim computes semantic similarity are
provided in Appendix A.2. The overall SpecSim
score S is a weighted average of syntactic and se-
mantic similarity,

S(Sla 32) =" Ssyn(sla 52) + (1 - 'Y) : Ssem(sla 32)a

where the semantic term itself is a weighted sum of
the component scores. This yields a bounded score
in [0, 1] that closely tracks semantic similarity be-
tween specifications while remaining lightweight
enough to be used for every Update operation. For
further details, we present the pseudocode of Spec-
Sim in Algorithm 4.
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Figure 2: Overview of the Update operation. This operation refreshes the scores of entries stored in the replay

memory.

4 Experiments

4.1 Experimental Setup

Data Although Lyra can generate training data
without human intervention, we observed that
initializing the replay memory with high-quality,
human-crafted data improves the diversity of gen-
erated samples in subsequent iterations. To this
end, we collected official Vega-Lite examples
and filtered out near-duplicate charts. Specifi-
cally, we first computed the NRMSE and Spec-
Sim S between all pairs of Vega-Lite specifica-
tions in the collection. We then manually inspected
chart images forming near-similar pairs, defined
as NRMSE > 0.9 or S > 0.9, and remained only
the chart image with the simplest specification. We
also excluded interactive charts because we do not
consider interaction in our evaluation metrics. This
filtering process yielded 437 distinct pairs of Vega-
Lite JSON specifications and images which served
as seed entries for the replay memory.

To assess out-of-domain generalization, we eval-
uated performance on three chart-to-code datasets
comprising Plot2Code, ChartMimic, and ChartX.
Plot2Code (Wu et al., 2025) is a manually filtered
collection of 368 scientific plots categorized into
six types such as Pie, Statistics, and Contour. Chart-
Mimic (Yang et al., 2024) consists of 600 figures
from arXiv that were manually filtered and anno-
tated. ChartX (Xia et al., 2025) contains 1,125
machine-generated chart—code pairs that empha-
size chart diversity despite a prevalence of bar
charts. We utilized NRMSE, SSIM, and VLM-as-
judge as evaluation metrics and adopted the same
judge prompt proposed in ChartMimic.

Training and Inference For main experiments,
we finetuned three vision-language models ranging

from 1B to 9B parameters comprising InternVL-
3.5 1B (Wang et al., 2025), Qwen2.5-VL-8B (Bai
et al., 2025), and MiniCPM-V4.5 9B (Yu et al.,
2025). For all subsequent analyses, we utilized
InternVL-3.5 1B only. We executed 20 iterations
of the data synthesis and training loop. At each
iteration, we added 2,048 new entries to the replay
memory and sampled 2,048 training examples. We
set « = 0.7 and € = 0.1 for all rank-based sam-
pling. We employed the Adam optimizer with a
learning rate of 1 x 10~ and a cosine decay sched-
ule with 0.1 epochs of warmup. The batch size
was set to 16 with training lasting for 1 epoch per
iteration. The Qwen3-Next-80B-A3B mixture-of-
experts (MoE) model (Yang et al., 2025) served
as the data generator while the GLM-4.5V-102B-
A10B MoE model (Hong et al., 2025) functioned
as the judge. For inference, we used a temperature
of 0.7 and top-p sampling with p = 0.95.

4.2 Results

Main Experiments Figure 3 demonstrates that
Lyra’s iterative training loop drives substantial
performance gains for MiniCPM-V 4.5 9B and
InternVL-3.5 1B. Both models exhibit a sharp in-
crease in metrics across all datasets during the early
rounds before saturating. The improvements are
most pronounced on ChartX where scores roughly
double after the initial rounds. This indicates that
the generated Vega-Lite specifications provide ef-
fective supervision for learning the chart-to-code
task. Performance on the out-of-domain bench-
marks ChartMimic and Plot2Code also trends up-
ward though with more modest margins compared
to ChartX. InternVL-3.5 1B shows the largest rel-
ative gains given its weaker initialization and im-
proves almost monotonically. The results suggest
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Figure 3: We evaluate performance improvements over 20 rounds on three out-of-domain datasets, Plot2Code,
ChartMimic, and ChartX, using image-based metrics: Normalized Root Mean Squared Error (NRMSE), Structural
Similarity Index Measure (SSIM), and a vision-language model as judge (VLM-as-Judge). Solid lines represent the
performance of Lyra with different backbones, while dashed horizontal lines indicate the baseline performance

trained on the static ChartCoder-160k dataset.

that the prioritized experience replay effectively
prevents overfitting to the synthetic data from any
single round while enabling continual learning.

Qwen3-VL 4B begins with strong zero-shot
chart-to-code capabilities and consequently ex-
hibits unique training dynamics. Specifically, we
observe a transient performance drop on all datasets
during the first few rounds before the model recov-
ers. Unlike other models, Qwen3-VL does not
demonstrate substantial monotonic growth. This
trend indicates that models with strong pre-existing
priors are more sensitive to distributional shifts be-
tween their original training data and our synthetic
data. Although Lyra successfully adapts Qwen3-
VL to the target Vega-Lite tasks represented by
ChartX, maintaining robust generalization to di-

verse out-of-distribution styles remains a challenge
for already-capable models.

As a baseline, we trained the model on the
chart-to-Python code task using a subset of the
ChartCoder-160k dataset (Zhao et al., 2025). Fur-
ther details of dataset construction and training are
provided in Appendix A.3. We indicate these base-
line results using dashed horizontal lines in Fig-
ure 3. We observe that Lyra outperforms baselines
across all datasets, metrics, and models using fewer
training examples, with the exception of SSIM on
Qwen3-VL and MiniCPM-V 4.5. Moreover, the
VLM-as-judge scores surpass the baseline within
just one or two rounds. These results demonstrate
the sample efficiency of the proposed method and
suggest that abstract visualization grammars more
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Figure 5: Ablation study on the two sampling processes
in Lyra. The -GR and -TR replace the sampling in the
Add operation and training data selection, respectively,
with a top-k selection. We report the mean and standard
deviation averaged across the three datasets.

effectively capture the semantic features of com-
plex charts. Regarding the discrepancy in dataset
rankings within the baseline results, pixel-based
metrics disproportionately penalize the visual noise
in real-world datasets compared to cleaner syn-
thetic data. In contrast, semantic metrics prioritize
data fidelity over visual style. This distinction ex-
plains why VLM-as-judge scores are highest on
ChartMimic, whereas ChartX leads in pixel-based
metrics due to its visual uniformity. Additionally,
we observe that the Qwen3-VL baseline achieves
higher SSIM than Lyra by utilizing its strong rea-
soning to replicate structural layouts via imperative
code, yet incurs higher NRMSE due to fine-grained
rendering mismatches inherent to non-standardized
plotting libraries.

Trade-off between N;. and R The total number
of training examples exposed to the vision-
language model is determined by the product of the
examples per round N, and the number of Lyra
loops R. To investigate the trade-off between these
variables, we fix the total budget to 40,960 exam-

NRMSE
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o o o
Plot2Code ChartMimic = Chartx Plot2Code ChartMimic = Chartx Plot2Code ChartMimic ~ Chartx

N, ™ 256 m 1024 W 2048

Figure 6: Effect of the number of new examples added
to the memory per round. NV, is fixed at 2,048.

ples and evaluate four configurations of (IVy,., R) €
{(1024,40), (2048, 20), (4096, 10), (8192, 5)}.
As shown in Figure 4, increasing R yields better
performance than increasing N, for Plot2Code
and ChartMimic. With a higher R, Lyra performs
more Add operations, which increases the chance
where the model encounters novel data. Addition-
ally, more frequent Add operations allow the LLM
to guide generation toward the complex charting
practices required for real-world benchmarks like
Plot2Code and ChartMimic. However, we observe
diminishing returns at R = 40, suggesting that
excessively small number of training examples can
destabilize training. In contrast, results on ChartX
are similar across all settings. Since ChartX
consists of simpler machine-generated charts, the
model performance saturates once it acquires basic
charting skills regardless of the specific training
schedule.

Ablation Study We demonstrate the impact of
our rank-based sampling strategy by comparing
Lyra against two deterministic variants as shown
in Figure 5. The -GR replaces the probabilistic
sampling in the Add operation with a greedy top-
k selection that exclusively selects the examples
with the most extreme scores for task generation.
The -TR applies a similar top-k strategy to the se-



PEFT Plot2Code ChartMimic ChartX
NRMSE SSIM Judge | NRMSE SSIM Judge | NRMSE SSIM Judge
- 0.13 035 10.97 0.15 0.40 9.23 0.23 0.55 15.3

Freeze 0.12 031 7.51 0.15
LoRA 0.13 033 1097 0.12

14.41
18.93

0.39  8.36 0.23 0.53
0.31 8.14 0.26 0.61

Table 1: Performance comparison between parameter-efficient finetuning and full finetuning across out-of-domain

benchmarks.

lection of training data from the replay memory.
The results show that -7R exhibits a performance
trajectory almost identical to the full Lyra frame-
work. This suggests that the prioritization of high-
error samples is key regardless of whether the se-
lection is probabilistic or deterministic. In con-
trast, -GR suffers a significant performance drop
during the initial rounds and subsequently recov-
ers at a much slower rate. This aligns with find-
ings from DQN (Mnih et al., 2015) that learning
from strongly correlated samples is inefficient. By
restricting task generation to extreme cases, -GR
amplifies these correlations and concentrates the
generated samples within a narrow, biased region.

Replay Memory Expansion Increasing the num-
ber of new examples added per round N, ac-
celerates memory expansion, allowing the model
to cover a wider range of charting tasks. How-
ever, an excessively large N, poses two potential
risks: it may dilute the sampling probability of
high-scored examples, and it increases the num-
ber of memory entries with stale scores that do
not reflect the model’s current state. To exam-
ine this trade-off, we compare performance with
N, € {256,1024,2048} while fixing the number
of training examples Ny, to 2,048. As shown in
Figure 6, performance generally improves as N,
increases. Notably, this gain is most pronounced
on the challenging Plot2Code benchmark, whereas
performance on the simpler ChartX benchmark sat-
urates at NV, = 1024 with negligible further im-
provement. This indicates that aggressive memory
expansion is particularly beneficial for mastering
complex, real-world charting tasks where diverse
exploration is critical. Taken together, we suggest
that setting N, =~ Ny, is effective, whereas smaller
N, are insufficient for discovering new charting
skills.

Parameter-Efficient Finetuning Recent studies
suggest that parameter-efficient finetuning methods,
such as low-rank adapters (LoRA), can mitigate
catastrophic forgetting in continual learning (Liu

et al., 2024a). We investigate whether this finding
extends to Lyra by applying LoRA to the language
backbone. In this configuration, we freeze the pre-
trained weights and train only the inserted adapters
using a = 8 and rank = 32. For comparison, we
also evaluate a full fine-tuning baseline where the
entire language model is updated while other pa-
rameters remains frozen. We use the same training
and evaluation settings as in the main experiments
and report the results in Table 1. As shown in Ta-
ble 1, LoRA achieves performance comparable to
full fine-tuning on Plot2Code and significantly out-
performs it on ChartX. This improvement suggests
that LoRA effectively mitigates catastrophic for-
getting, preserving the model’s ability to handle
simpler, near in-distribution charts. However, full
finetuning retains a clear advantage on the more
challenging ChartMimic benchmark, resulting in
higher SSIM and VLM-as-judge scores. This indi-
cates that while LoRA is efficient, updating the full
parameter set provides the necessary plasticity to
master the complex, out-of-distribution visual cues
found in real-world replication tasks.

5 Conclusion

In this work, we introduced Lyra, a fully auto-
mated and lifelong learning framework for the
chart-to-code task. By training a vision-language
model to predict Vega-Lite specifications rather
than imperative code, our approach leverages the
structural priors of declarative visualization gram-
mars to constrain the output space. Lyra utilizes a
large language model to synthesize an adaptive
curriculum that generates progressively diverse
chart-code pairs. To ensure continual improve-
ment, the framework maintains a replay memory
via Prioritized Experience Replay and employs
SpecSim, a specification-level similarity metric,
to focus training on the most challenging exam-
ples. Experiments across three out-of-domain
benchmarks demonstrate that Lyra progressively
enhances chart-to-code performance while effec-
tively mitigating catastrophic forgetting.



Limitations

Although we demonstrate Lyra on the chart-to-
code task, the framework is generalizable to the
lifelong learning of other complex visual tasks.
However, a major challenge in extending this ap-
proach is that chart images possess a unique ad-
vantage: they can be described nearly perfectly
by formal languages. In contrast, natural images
generally lack such precise descriptors. Despite
advances in diffusion models (Cao et al., 2024),
text-to-image mappings do not guarantee that the
generated image perfectly reflects the semantic in-
formation of the text. Similar information loss
affects model-based mappings in other domains,
including text-to-speech (Zhang et al., 2023) and
text-to-video (Sun et al., 2024). A potential solu-
tion is to develop abstract grammars for natural
data, analogous to how Vega provides a high-level
grammar for charts. Incorporating prior knowledge
into such grammars could constrain variability in
textual descriptions and mitigate information loss
in model-based generation.
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A Appendix

A.1 Background: Vega-Lite

To render chart images, we use Vega-Lite instead
of conventional plotting libraries such as mat-
plotlib (Hunter, 2007). We briefly summarize Vega-
Lite here to make this section self-contained. Vega-
Lite is a high-level, declarative grammar of inter-
active graphics that allows users to specify visual-
izations as concise JSON objects rather than im-
perative drawing code (Satyanarayan et al., 2016).
A basic specification consists of a data source, a
mark type, and a set of encoding definitions that
map data fields to visual channels such as position,
color, size, and shape. Encodings can include com-
mon data transformations such as filtering, binning,
aggregation, and sorting. Vega-Lite provides smart
defaults for scales, axes, and color schemes, so that
many details can be omitted in the specification and
are inferred automatically by the compiler. Beyond
single plots, Vega-Lite defines an algebra for com-
posing multiple views, including layering, horizon-
tal and vertical concatenation, faceting over a parti-
tioning field, and repetition over sets of fields. This
enables the succinct construction of dashboards,
trellis plots, and scatterplot matrices while auto-
matically sharing or aligning scales and axes when
appropriate. In addition, Vega-Lite integrates a
grammar of interaction based on selections, which
abstract user input as named parameters that can
drive conditional encodings, filters, and scale do-
mains. Vega-Lite specifications are compiled to the
lower-level Vega language, which handles dataflow,
event processing, and rendering, so that users can
describe the desired visual and interactive struc-
ture at a relatively high level while still obtaining
expressive, interactive visualizations.

The use of Vega-Lite offers several advan-
tages over the visualization tools adopted in prior
work (Zhao et al., 2025; Li et al., 2025; Jiang et al.,
2025) for training and inference with multimodal
language models. First, Vega-Lite affords a much
lower degree of freedom in the code than general-
purpose languages such as Python. The structure
and values related to the chart layout must strictly
follow the grammar defined by the Vega-Lite spec-
ification. In contrast, there are typically many dif-
ferent code snippets in other languages that can
render the same chart image, so the chart-to-code
task is inherently one-to-many. By reducing the de-
grees of freedom, Vega-Lite effectively shrinks the
target space of the chart-to-code problem, allow-
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ing a generative model to learn this mapping from
less training data. Second, Vega-Lite encodes prior
knowledge about human chart design through de-
fault values for properties that are left unspecified
in the specification. In many other visualization
tools, users must manually specify most design de-
tails to obtain a chart that best describes their data.
For chart-to-code, this implies that the model must
not only map pixels to code fragments, but also
infer the design logic that yields an appropriate
visualization. With Vega-Lite, part of this logic
is delegated to carefully hand-crafted rules, which
reduces the burden on the model. Although this
sacrifices some flexibility and expressiveness, Vega-
Lite remains sufficiently powerful to render almost
all general-purpose charts. Taken together, these
characteristics reduce problem complexity and en-
able more sample-efficient training of multimodal
models.

A.2 Semantic Score in SpecSim

The semantic score in SpecSim is computed based
on four key elements in Vega-Lite specifications:
mark, encoding, data, and transformation. Mark
similarity compares the mark type and its visual
properties, assigning partial credit to closely re-
lated mark types and to overlapping mark proper-
ties. Encoding similarity measures both the overlap
of encoding channels and the agreement of their
definitions. Each channel is normalized into one
or more field definitions, and we average property-
level matches across key Vega-Lite encoding at-
tributes. Data similarity compares inline data val-
ues using Jaccard similarity. Transform similarity
compares the list of transforms via a combination
of multiset Jaccard similarity and longest common
subsequence over normalized transform objects,
capturing both the multiset of operations and their
ordering.

SpecSim also supports composite views such
as multi-layer, faceting, concatenation, and repeti-
tion. For these cases, it recursively compares cor-
responding sub-specifications and aggregates their
semantic scores with weights proportional to the
number of leaf views. When the two specifications
have different composite structures, SpecSim ex-
tracts representative base specifications and applies
a structural penalty based on nesting depth and
numbers of leaf views, thus rewarding semantically
similar visual encodings even under mismatched
layouts.



A.3 Details on ChartCoder-160k Baselines

The ChartCoder baseline utilizes the Chart2Code-
160k dataset, which serves as the first large-scale,
diverse dataset specifically designed for the chart-
to-code generation task. Unlike previous datasets
that rely on web-crawled images or simple syn-
thetic pairs, Chart2Code-160k comprises approxi-
mately 160,000 high-quality chart-code pairs span-
ning 27 distinct chart types.

The dataset construction follows a fully auto-
mated pipeline powered by LLMs. It begins with
the generation of domain-specific keywords and
simulated data values to ensure semantic diversity.
To guarantee structural variety, the framework uti-
lizes 79 manually crafted code templates covering
standard libraries such as Matplotlib and Seaborn.
The LLM populates these templates with the gener-
ated data to produce executable Python code, which
is subsequently rendered to create the correspond-
ing chart images. Rigorous filtering is applied to
remove execution errors or low-quality renderings,
ensuring a high-fidelity training corpus. To further
enhance the reasoning capabilities of the baseline
model, the dataset employs a Snippet-of-Thought
(SoT) strategy. For a subset of 50,000 examples,
the direct code generation is decomposed into a
step-by-step reasoning format that mimics human
programming logic:

1. Layout Analysis: Determining the overall
chart type and figure structure (e.g., plt.bar,
plt.subplots).

Data Definition: Extracting and formatting
the numerical data and color schemes.

Refinement: Applying stylistic details such
as hatching patterns or legend locations.

Final Code: Assembling the complete exe-
cutable script.

Following manual inspection, we observed sig-
nificant redundancy among the code samples in
ChartCoder-160k. To eliminate semantically simi-
lar duplicates, we first computed the BERTScore
between all code pairs using ROBERTa. We then fil-
tered out samples with a similarity sim(cy, c2) >
0.9, retaining only a single representative from any
cluster of overlapping examples. This process re-
duced the dataset to 42,684 examples, from which
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we allocated 40,960 for training and 1,724 for val-
idation. Training followed the same hyperparam-
eters as our main experiments, with the exception
that we continued training until the validation loss
began to increase.

A.4 Prompt Templates

We present the prompt templates for Chart-to-Code
Translation (Figure 7), Vega-Lite Specification
Generation (Figure 8), and Task Generation (Fig-
ure 9).

A.5 Pseudocode

We present pseudocode for the Add and Update
operations in Algorithms 2 and 3, respectively. Ad-
ditionally, Algorithm 4 details the computation of
the SpecSim metric.



[Chart Image to Vega-Lite JSON Spec \

You are a helpful assistant that analyzes chart images and generates Vega-Lite JSON specifications to reproduce them. You will receive:
- Image: A visualization/chart image to analyze and reproduce.

Your job is to generate a single, complete Vega-Lite JSON specification that:
1. Accurately reproduces the chart shown in the input image.
2. Extracts and reconstructs the data visible in the chart as faithfully as possible.
3. Matches the visual design including chart type, colors, axis labels, titles, and styling.
4. Follows all constraints below.

Analysis and Generation Process:
1. Chart Type Identification:
- Identify the chart type (bar, line, scatter, pie, heatmap, etc.)
- Note if it's a single chart or composite/layered visualization
2. Data Extraction:
- Extract data points visible in the chart as accurately as possible
- Infer approximate values from axis scales and visual positions
- Reconstruct the dataset structure with meaningful field names and types
3. Visual Properties:
- Colors: Only specify colors explicitly if they differ from Vega-Lite defaults or use a specific color scheme. Only use explicit color values when matching specific brand colors or non-standard
palettes
- Titles and Labels: Always include chart title and axis titles when present in the image
- Mark Properties: Only specify mark properties when they visibly differ from defaults
- Scales: Let Vega-Lite auto-generate scales unless specific domains, ranges, or scale types are needed
- Legends: Vega-Lite generates legends automatically; only customize when position, format, or visibility differs from defaults
4. Layout and Formatting:
- Match axis formatting, tick values, and grid lines
- Rep any i or text

Constraints:
1. Generate Vega-Lite JSON Only.
- The entire output must be a single, valid JSON object.
2. Leverage Vega-Lite Defaults.
- Only specify properties when they visibly differ from defaults or are essential to match the image.
3. Use Inline Data.
- The dataset must be embedded directly within the JSON using the "data": {"values": [...]} property. Do not use the url property or link to any external data files. The entire visualization must
be self-contained.

Output Format: Respond with a single code block containing one Vega-Lite JSON ification object. For example,
"TJSON
{
"$ : "https:// github.i a/vega-lite/v6.json",
}

\

Figure 7: Prompt for Chart-to-Code Translation.

fVega-Lite JSON Spec Generation

You are a helpful assistant that creates Vega-Lite JSON ificati for data vi: izations. Each task will be defined by the user and includes:

- Task: A one-sentence description of the chart to render.
- Reasoning: The rationale behind why this chart is being generated.

Your job is to generate a single, complete Vega-Lite JSON specification that:
1. Implements the chart exactly as described in the task.
2. Respects the reasoning when making design decisions (e.g., choosing appropriate colors, titles, and encodings).
3. Follows all constraints below.

Code Generation Constraints:
1. Generate Vega-Lite JSON Only.
- The entire output must be a single, valid JSON object.
2. Specify All Chart Details.
- Fully define the title, mark, encoding, and any other necessary properties like width and height to create a complete, polished chart.
3. Never Assign Tasks.
- Do not suggest or create new tasks. Focus solely on executing the provided task.
4.Use Inline Data.
- The dataset must be generated by you and embedded directly within the JSON using the "data’
data files. The entire vi ization must be self i
5. Leverage Vega-Lite Defaults.
- Prefer concise specifications by omitting properties that already match Vega-Lite’s built-in defaults, only overriding defaults when needed to satisfy the Task or Reasoning
so that charts remain minimal and readable.

"values": [...]} property. Do not use the url property or link to any external

Output Format: Respond with a single code block containing one complete Vega-Lite JSON specification object. For example,
TTJSON

g, " hitps:// github.io/schema

ga-lite/v5.json",

Figure 8: Prompt for Vega-Lite Specification Generation.
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-
Task Generation

You are a helpful assistant that tells me the next immediate coding task to do in order to master chart rendering.
My ultimate goal is to discover as many diverse visualization techniques as possible, render charts from a variety of data sets, and become an expert chart programmer.

I will give you the following information:
Completed Task (string): A charting task | have already successfully finished.
Failed or Challenging Task (string): A charting task | struggled with or could not complete.

Follow these criteria:
* Recommend exactly one new task that best advances my current skills.
* Help me steadily grow charting fluency by gradually increasing complexity, data variety, and visualization techniques.
* Always create the chart definition, dataset, layout, encodings, and axes yourself. Never ask me to supply them.

Output Format:
You should only respond in the format as described below:

Reasoning: Based on the information | listed, do reasoning about what the next task should be.
Task: Single sentence explanation of the chart.

Figure 9: Prompt for Task Generation.

Algorithm 2: Add

Input: Replay memory M, LLM ¢, task-generation prompt Pr, spec-generation prompt Pg,
threshold 7(-), number of new entries V.
Output: Updated replay memory My, ;.

// Partition memory

n e r({s)):

Mteasy — {(di,si) S Mt ‘ S; > Tt}, Mthard — {(di,si) S Mt ‘ s < Tt}.

// Generate specs, render, and add to memory

M1 < M,

forj=1,...,N,do

Thard  P(i|M}ord) where r; « rank(s;, M}*?) ; // Sample hard task
TesY ~ P(i|M;*Y) where r; < rank(—s;, M;{**) ; // Sample easy task
T; + ¢(Pp,Thard Teasy) // Task generation
Cj +— ¢(Ps,Tj) ; // Vega-Lite specification generation
I; < Render(C}) ; // Image rendering with Vega-Lite engine
| My My U {((Z;,C;,T}), null) }

return My .

Algorithm 3: Update

Input: Replay memory M, VLM 7, generation prompt P, similarity metric .S.
Output: Updated replay memory M.

// Select entries whose scores should be refreshed

Uy + {i| s; = null or d; € D"}

for : € U, do
(i, Ci, T;) < di
C; « m(Pg, L) ; // Chart-image-to-code translation
SPEV — S(Ci,@) ; // Evaluation
My = (M \ {(di, 50)}) U{(dy, s7)}

return M.
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Algorithm 4: SpecSim

Input: Vega-Lite specs ¢; and co.
Output: S(c1,c2) € [0,1].

// Syntactic similarity on linearized JSON
¢1 < Linearize(cy), ¢ + Linearize(ca)
d < EditDistance(¢1, é2), Liax < max(|é1], |c2|)

1 - d/Lmaxy Lmax > 0
Ssyn <~ .
1, otherwise

// Semantic similarity
Ssem ¢ RecursiveSemSim(cy, c2)

// Final score
S(Ch 02) — wsynSsyn + Wsem Ssem
return S(cy, c2).

Function RecursiveSemSim(cy, c3):

// Single-view semantics

Smark <— CompareMarks(cy, c2)

Senc <— CompareEncodings(cy, c2)
Sdata — CompareData(c, c2)

Strans < CompareTransforms(cy, c2)

single
SE 4 WiarkSmark + WencSenc + WdataSdata T WiransStrans

// Composite structure (layer, facet, concat, repeat)
t1 < CompositeType(cy), ta < CompositeType(cs)
ift; =t ;é @ then

| S€™P «+ CompareComposite(cy, ca,t1)
else if t1 # to or exactly one is composite then
base; < ExtractBaseSpec(cy), bases < ExtractBaseSpec(ca)
if baseq, bases exist then

p < StructuralPenalty(cy, c2)
SCMP «+— p - RecursiveSemSim(base;, bases)

else
L SeomP 0

else
L geomp . Gsingle . // No composite structure

return 3 5sinsle 4 1 geomp,
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