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Abstract001

Current vision-language models struggle to002
parse the dense visual content in charts. The003
chart-to-code task addresses this by converting004
visual data into executable rendering code. Pre-005
vious approaches rely on static and synthetic006
datasets, but these collections often lack diver-007
sity in chart types and underlying data distribu-008
tions. This limitation contrasts with real-world009
charts that evolve continuously across domains.010
To bridge this gap, we propose Lyra, a fully au-011
tomated lifelong learning framework for chart-012
to-code generation. We employ a large lan-013
guage model as a strategic data generator that014
generates chart-code pairs to train the vision-015
language model. The vision-language model016
assesses these samples to identify challenging017
instances and guides the language model to018
optimize its generation strategy while simul-019
taneously refining its own charting capabili-020
ties through training on the synthesized data.021
Our experiments demonstrate that Lyra pro-022
gressively improves performance across three023
out-of-domain benchmarks while successfully024
mitigating catastrophic forgetting and achiev-025
ing superior sample efficiency compared to026
prior work.027

1 Introduction028

Large Multimodal Models (LMMs) have demon-029

strated strong capabilities in general visual under-030

standing (Yue et al., 2025; Lu et al., 2024). How-031

ever, accurately interpreting the dense visual con-032

tent and structural relationships within charts re-033

mains a persistent challenge (Masry et al., 2022).034

Charts are critical for communicating quantitative035

information, but require models to perform precise036

perception of fine-grained elements and complex037

multi-step reasoning.038

To address this, recent approaches (Yang et al.,039

2024; Wu et al., 2025) decompose chart reason-040

ing into two distinct stages comprising chart-to-041

code translation and subsequent code reasoning.042

In this paradigm, the multimodal model focuses 043

exclusively on translating the visual chart into a 044

code representation while a language model per- 045

forms complex reasoning over the code to derive 046

answers. This separation allows systems to exploit 047

the robust code reasoning capabilities of modern 048

LLMs. Previous studies primarily rely on static 049

datasets crawled from the web or generated by pro- 050

prietary language models (Xia et al., 2025; Zhao 051

et al., 2025). However, these static collections fail 052

to capture the continuous evolution of real-world 053

visualization styles and domains. Consequently, 054

models trained on fixed corpora struggle to general- 055

ize to novel chart types or underlying data distribu- 056

tions. Moreover, existing machine-generated data 057

ignores the current state of the model on the chart- 058

to-code task. This leads to an inefficient training 059

data distribution where some examples are trivial 060

and redundant while others remain too challenging. 061

We therefore raise the following research question: 062

How can we continually improve the 063

chart-to-code capabilities of multimodal 064

models as data and visualization styles 065

evolve over time? 066

We answer this by proposing Lyra, a framework 067

for fully automated lifelong chart-to-code learning. 068

Lyra establishes a dynamic teacher-student loop. 069

A large language model serves as the teacher that 070

devises improvement plans and generates training 071

data, while a vision-language model acts as the 072

student that learns to generate code from the given 073

chart image. Unlike prior work targeting impera- 074

tive libraries like Matplotlib, our student predicts 075

Vega-Lite JSON specifications. We utilize Vega- 076

Lite because its declarative grammar explicitly en- 077

codes visualization priors, which significantly re- 078

duces the output search space and simplifies the 079

learning objective. The core of Lyra lies in its 080

ability to adaptively regulate training based on the 081

student’s current performance. Specifically, the 082
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teacher generates diverse and complex charting083

tasks that target instances where the student previ-084

ously struggled. To identify these failure cases effi-085

ciently, we introduce SpecSim, a metric that evalu-086

ates the syntactic and semantic alignment of Vega-087

Lite specifications without the prohibitive computa-088

tional costs associated with VLM-as-a-Judge. For089

lifelong learning, we employ Prioritized Experi-090

ence Replay (PER) (Schaul et al., 2015) to retain091

previously acquired skills and mitigate catastrophic092

forgetting.093

We evaluated Lyra on three out-of-domain094

benchmarks comprising Plot2Code, ChartX, and095

ChartMimic. Experimental results demonstrate that096

Lyra progressively improves chart-to-code perfor-097

mance and exhibits better sample efficiency com-098

pared to baselines. Furthermore, our analysis re-099

veals that expanding the replay memory more fre-100

quently with fewer training examples per round101

leads to better performance than less frequent,102

larger per-step data volumes. This finding validates103

the effectiveness of the language model-guided cur-104

riculum in driving continual improvement. As the105

first framework to apply lifelong learning to the106

chart-to-code task using declarative grammar, we107

believe Lyra offers a robust foundation for future108

research in adaptive multimodal systems.109

2 Related Work110

2.1 Lifelong Learning in LLM111

Lifelong learning addresses the challenge of112

knowledge retention without catastrophic forget-113

ting (Zheng et al., 2025b,a; Chen and Liu, 2018).114

While classic approaches utilize rehearsal and reg-115

ularization (Rolnick et al., 2019; Kirkpatrick et al.,116

2017; Mallya and Lazebnik, 2018), recent work ex-117

tends these methods to LLMs for tasks like instruc-118

tion following and knowledge editing (Jin et al.,119

2022; Luo et al., 2025; Jang et al., 2021). Our work120

specifically aligns with LLM-based agents in dy-121

namic environments where the model functions as122

a cognitive core (Xi et al., 2025). These agents123

employ modular architectures that integrate percep-124

tion for multimodal grounding (Zhou et al., 2023;125

Jaegle et al., 2021), hierarchical memory for storing126

interaction histories (Chevalier et al., 2023; Vitter,127

1985; Qin et al., 2023), and action modules for rea-128

soning (Sumers et al., 2023; Yao et al., 2022). In129

this context, lifelong learning occurs through con-130

tinuous memory updates and policy refinements to131

adapt to evolving multimodal tasks.132

2.2 LLM-Driven Data Synthesis 133

LLMs have emerged as effective tools for synthetic 134

data generation due to their broad world knowl- 135

edge and instruction-following capabilities (Long 136

et al., 2024; Ding et al., 2023a; Eldan and Li, 2023). 137

These properties allow models to produce data that 138

mimics real-world distributions while targeting spe- 139

cific formats or difficulty levels. Previous stud- 140

ies utilize prompt engineering (Liu et al., 2024b; 141

Gunasekar et al., 2023) and multi-step generation 142

pipelines (Ding et al., 2023b; Honovich et al., 2023) 143

to generate faithful natural language data. Recent 144

studies extend these capabilities to generate mul- 145

timodal data using text-based language models. 146

ReachQA (He et al., 2025) synthesizes chart ren- 147

dering code and image pairs with self-instruction 148

and evolutionary strategies starting from seed code 149

in the Matplotlib gallery. ChartCoder-160k (Zhao 150

et al., 2025) adopts a similar approach using GPT-4 151

to generate a large-scale dataset of approximately 152

160k samples. These approaches demonstrate sig- 153

nificant performance improvements when models 154

are trained on their synthetic data. However, their 155

data covers a comparatively narrow range of chart- 156

ing tasks with unstructured difficulty levels because 157

they do not account for the current proficiency of 158

the vision-language model. Our proposed Lyra 159

ensures that generated data is grounded in the cur- 160

rent state of the vision-language model and targets 161

diverse chart styles and previously unseen data. 162

3 Proposed Method 163

In this section, we introduce Lyra, an LLM-driven 164

data synthesis and training framework for fully 165

automated lifelong learning of chart-to-code task. 166

3.1 Lyra 167

Lyra adopts a teacher-student framework to en- 168

hance chart-to-code generation. A Large Lan- 169

guage Model acts as the teacher to design a cur- 170

riculum based on the current capabilities of the stu- 171

dent. It subsequently generates synthetic training 172

data aligned with this plan. The Vision-Language 173

Model functions as the student. It learns the task 174

while providing feedback regarding the difficulty 175

of specific samples. We iteratively generate data 176

and finetune the Vision-Language Model using 177

this guidance. Since iterative finetuning is prone 178

to catastrophic forgetting, we use replay mem- 179

ory (Lin, 1992) and prioritized experience replay 180

(PER) (Schaul et al., 2015). Specifically, Lyra 181
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Algorithm 1: Lyra, Lifelong Chart-to-Code Learning

Input: VLM π0, LLM ϕ, initial replay memory M0 = {(di, si)}|M0|
i=1 , di = (Ii, Ci, Ti), total

iterations R, number of training examples Ntr.
Output: Trained VLM πR, replay memory MR.

for t = 0, 1, . . . , R− 1 do
Mt ← Add(Mt−1, ϕ);
Mt ← Update(Mt, πt−1);

// Sample training subset using prioritized replay
Itraint ∼ P (i |Mt) with |Itraint | = Ntr;
Dtrain

t ← {di : (di, si) ∈Mt, i ∈ Itraint };
πt ← argminπ L(πt−1;Dtrain

t );
Mt ← Update(Mt, πt, )

return (πR,MR).

stores all generated data points di = (Ii, Ci, Ti) in182

a replay memory M , together with their scores si.183

Here, Ii is a chart image, Ci is the corresponding184

Vega-Lite specification, and Ti is a one sentence de-185

scription of what Ii depicts. We choose Vega-Lite186

as our code representation because its declarative187

grammar significantly reduces the complexity of188

the code generation task compared to imperative189

plotting libraries, as detailed in Appendix A.1. The190

score si reflects the vision-language model’s chart-191

to-code performance on that data point and can192

be updated at different stages. At every iteration193

of vision-language model training, we sample Ntr194

training examples from the replay memory with195

probabilities defined over the inverse ranks of their196

scores in M .197

Concretely, we define the probability of sam-198

pling the i-th example as,199

P (i|M) = (1− ϵ)
r−α
i∑|M |

k=1 r
−α
k

+ ϵ
1

|M |
, (1)200

where ri is the rank of the i-th sample in memory201

M , α and ϵ are smoothing parameters of the prob-202

ability distribution. Since examples with lower203

ranks are more likely to be sampled, the vision-204

language model is encouraged to learn from its205

previous failures. At the same time, high-ranked206

examples retain a non-zero probability of being207

sampled, so the model is still regularly exposed to208

examples it previously succeeded on. We provide209

pseudocode for Lyra in Algorithm 1 to support a210

more detailed understanding of the overall process.211

In the following sections, we introduce two key212

memory operations, Add and Update, which ex-213

pand and maintain the replay memory to enable 214

lifelong learning of the chart-to-code task. 215

3.2 Add Operation 216

The Add operation introduces new entries into the 217

replay memory. It consists of two sequential pro- 218

cesses: task generation and Vega-Lite specification 219

generation. We present the pseudocode of the Add 220

operation in Algorithm 2. 221

Task Generation Voyager (Wang et al., 2023) 222

has demonstrated that large language model agents 223

can design plans to progressively improve the skills 224

required to solve a task by considering their cur- 225

rent state. Inspired by this, we generate new tasks 226

by first sampling easy-to-translate and difficult-to- 227

translate examples from the memory at time t, Mt. 228

We categorize an example as easy if its score ex- 229

ceeds a threshold τ and as difficult otherwise. The 230

threshold τ is set either to a fixed value or to a 231

statistic of the scores in Mt, such as the mean or 232

median. We then partition the memory into two 233

disjoint sets, M easy
t and Mhard

t , such that si > τ 234

for di ∈ M easy
t and si ≤ τ for di ∈ Mhard

t . We 235

sample hard tasks from Mhard
t with probabilities 236

defined in Equation 1. For easy tasks, we rank ex- 237

amples in descending order of their scores so that 238

higher-scored examples are more likely to be sam- 239

pled. Here, our scheme suppresses sampling near 240

the partition boundary. Examples in this region 241

often provide ambiguous signals, as they are not 242

clearly classified as easy or hard. After sampling 243

easy and hard examples, we feed them to the large 244

language model together with the task-generation 245

prompt PT shown in Figure 9. The output of the 246
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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-247

ing reasoning, which explains why training and248

evaluating the model on this task is necessary for249

mastering the chart-to-code translation task.250

Vega-Lite Specification Generation The newly251

generated tasks from the task generator are not yet252

paired with actual chart images and Vega-Lite spec-253

ifications. Therefore, we convert each task into a254

Vega-Lite specification and subsequently render it255

to obtain a chart image. We pass the generated256

tasks and their associated reasoning from the task257

generator as input to the large language model with258

the Vega-Lite specification generation prompt PS259

in Figure 8. When generating Vega-Lite specifi-260

cations, we impose several constraints motivated261

by empirical observations. For example, we re-262

spect Vega-Lite defaults to leverage its built-in prior263

knowledge, and we generate synthetic datasets in-264

stead of downloading presets from the Vega-Lite265

ecosystem to ensure diversity in the replay memory.266

The output of the language model is a Vega-Lite267

JSON specification, which we convert into a chart268

image using the Vega rendering engine. We then269

store the triple (I, C, T ) into the replay memory270

with a null-valued score and denote the replay mem-271

ory after adding new entries as Mt+1.272

3.3 Update Operation273

The Update operation refreshes the scores of entries274

stored in the replay memory. We update an entry275

when its score is null-valued or when it has been276

used to train the vision-language model. Similar277

to the Add operation, Update consists of two sub-278

sequent processes: chart-to-code translation and279

evaluation. We present the pseudocode of the Up-280

date operation in Algorithm 3.281

Chart-to-Code Translation This task is the only282

process in Lyra in which the vision-language283

model participates directly, and it is also the pri-284

mary objective of lifelong learning. The vision-285

language model receives a chart image together286

with the Vega-Lite specification generation prompt287

PG in Figure 7 as input and outputs a JSON speci- 288

fication. Although both PS and PG produce JSON 289

specifications, their inputs and purposes differ. 290

While PS is designed to expand the replay memory 291

by generating diverse and task-consistent examples, 292

PG aims to generate code that perfectly reproduces 293

a given chart image. 294

Evaluation Recent studies have used a vision- 295

language model-as-judge (VLM-as-judge) as a pri- 296

mary similarity metric, since it can capture seman- 297

tic similarity between images that conventional 298

metrics such as NRMSE and SSIM cannot (Xia 299

et al., 2025; Wu et al., 2025). However, VLM- 300

as-judge is computationally expensive because it 301

relies on large models, making it a major bottle- 302

neck if used for every Update operation. Unlike test 303

benchmarks for chart-to-code, our data generation 304

pipeline produces not only chart images but also 305

ground-truth Vega-Lite JSON specifications. This 306

enables a lightweight, model-free metric, SpecSim, 307

that measures both syntactic and semantic simi- 308

larity between two Vega-Lite specifications. For 309

the syntactic component, we simply flatten each 310

JSON specification into a string and measure the 311

edit distance between the two strings. For the se- 312

mantic component, we decompose each specifica- 313

tion into a small set of visualization components, 314

mark, encoding, data, and transform, and compute 315

a component-wise similarity score. Further details 316

of how SpecSim computes semantic similarity are 317

provided in Appendix A.2. The overall SpecSim 318

score S is a weighted average of syntactic and se- 319

mantic similarity, 320

S(s1, s2) = γ · Ssyn(s1, s2) + (1− γ) · Ssem(s1, s2), 321

where the semantic term itself is a weighted sum of 322

the component scores. This yields a bounded score 323

in [0, 1] that closely tracks semantic similarity be- 324

tween specifications while remaining lightweight 325

enough to be used for every Update operation. For 326

further details, we present the pseudocode of Spec- 327

Sim in Algorithm 4. 328
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Figure 2: Overview of the Update operation. This operation refreshes the scores of entries stored in the replay
memory.

4 Experiments329

4.1 Experimental Setup330

Data Although Lyra can generate training data331

without human intervention, we observed that332

initializing the replay memory with high-quality,333

human-crafted data improves the diversity of gen-334

erated samples in subsequent iterations. To this335

end, we collected official Vega-Lite examples336

and filtered out near-duplicate charts. Specifi-337

cally, we first computed the NRMSE and Spec-338

Sim S between all pairs of Vega-Lite specifica-339

tions in the collection. We then manually inspected340

chart images forming near-similar pairs, defined341

as NRMSE > 0.9 or S > 0.9, and remained only342

the chart image with the simplest specification. We343

also excluded interactive charts because we do not344

consider interaction in our evaluation metrics. This345

filtering process yielded 437 distinct pairs of Vega-346

Lite JSON specifications and images which served347

as seed entries for the replay memory.348

To assess out-of-domain generalization, we eval-349

uated performance on three chart-to-code datasets350

comprising Plot2Code, ChartMimic, and ChartX.351

Plot2Code (Wu et al., 2025) is a manually filtered352

collection of 368 scientific plots categorized into353

six types such as Pie, Statistics, and Contour. Chart-354

Mimic (Yang et al., 2024) consists of 600 figures355

from arXiv that were manually filtered and anno-356

tated. ChartX (Xia et al., 2025) contains 1,125357

machine-generated chart–code pairs that empha-358

size chart diversity despite a prevalence of bar359

charts. We utilized NRMSE, SSIM, and VLM-as-360

judge as evaluation metrics and adopted the same361

judge prompt proposed in ChartMimic.362

Training and Inference For main experiments,363

we finetuned three vision-language models ranging364

from 1B to 9B parameters comprising InternVL- 365

3.5 1B (Wang et al., 2025), Qwen2.5-VL-8B (Bai 366

et al., 2025), and MiniCPM-V4.5 9B (Yu et al., 367

2025). For all subsequent analyses, we utilized 368

InternVL-3.5 1B only. We executed 20 iterations 369

of the data synthesis and training loop. At each 370

iteration, we added 2,048 new entries to the replay 371

memory and sampled 2,048 training examples. We 372

set α = 0.7 and ϵ = 0.1 for all rank-based sam- 373

pling. We employed the Adam optimizer with a 374

learning rate of 1× 10−6 and a cosine decay sched- 375

ule with 0.1 epochs of warmup. The batch size 376

was set to 16 with training lasting for 1 epoch per 377

iteration. The Qwen3-Next-80B-A3B mixture-of- 378

experts (MoE) model (Yang et al., 2025) served 379

as the data generator while the GLM-4.5V-102B- 380

A10B MoE model (Hong et al., 2025) functioned 381

as the judge. For inference, we used a temperature 382

of 0.7 and top-p sampling with p = 0.95. 383

4.2 Results 384

Main Experiments Figure 3 demonstrates that 385

Lyra’s iterative training loop drives substantial 386

performance gains for MiniCPM-V 4.5 9B and 387

InternVL-3.5 1B. Both models exhibit a sharp in- 388

crease in metrics across all datasets during the early 389

rounds before saturating. The improvements are 390

most pronounced on ChartX where scores roughly 391

double after the initial rounds. This indicates that 392

the generated Vega-Lite specifications provide ef- 393

fective supervision for learning the chart-to-code 394

task. Performance on the out-of-domain bench- 395

marks ChartMimic and Plot2Code also trends up- 396

ward though with more modest margins compared 397

to ChartX. InternVL-3.5 1B shows the largest rel- 398

ative gains given its weaker initialization and im- 399

proves almost monotonically. The results suggest 400
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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 effectively401

prevents overfitting to the synthetic data from any402

single round while enabling continual learning.403

Qwen3-VL 4B begins with strong zero-shot404

chart-to-code capabilities and consequently ex-405

hibits unique training dynamics. Specifically, we406

observe a transient performance drop on all datasets407

during the first few rounds before the model recov-408

ers. Unlike other models, Qwen3-VL does not409

demonstrate substantial monotonic growth. This410

trend indicates that models with strong pre-existing411

priors are more sensitive to distributional shifts be-412

tween their original training data and our synthetic413

data. Although Lyra successfully adapts Qwen3-414

VL to the target Vega-Lite tasks represented by415

ChartX, maintaining robust generalization to di-416

verse out-of-distribution styles remains a challenge 417

for already-capable models. 418

As a baseline, we trained the model on the 419

chart-to-Python code task using a subset of the 420

ChartCoder-160k dataset (Zhao et al., 2025). Fur- 421

ther details of dataset construction and training are 422

provided in Appendix A.3. We indicate these base- 423

line results using dashed horizontal lines in Fig- 424

ure 3. We observe that Lyra outperforms baselines 425

across all datasets, metrics, and models using fewer 426

training examples, with the exception of SSIM on 427

Qwen3-VL and MiniCPM-V 4.5. Moreover, the 428

VLM-as-judge scores surpass the baseline within 429

just one or two rounds. These results demonstrate 430

the sample efficiency of the proposed method and 431

suggest that abstract visualization grammars more 432
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Figure 4: The trade-off between the number of rounds R and the number of training examples per round Ntr while
fixing the total budget to 40,960 examples.

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-433

plex charts. Regarding the discrepancy in dataset434

rankings within the baseline results, pixel-based435

metrics disproportionately penalize the visual noise436

in real-world datasets compared to cleaner syn-437

thetic data. In contrast, semantic metrics prioritize438

data fidelity over visual style. This distinction ex-439

plains why VLM-as-judge scores are highest on440

ChartMimic, whereas ChartX leads in pixel-based441

metrics due to its visual uniformity. Additionally,442

we observe that the Qwen3-VL baseline achieves443

higher SSIM than Lyra by utilizing its strong rea-444

soning to replicate structural layouts via imperative445

code, yet incurs higher NRMSE due to fine-grained446

rendering mismatches inherent to non-standardized447

plotting libraries.448

Trade-off between Ntr and R The total number449

of training examples exposed to the vision-450

language model is determined by the product of the451

examples per round Ntr and the number of Lyra452

loops R. To investigate the trade-off between these453

variables, we fix the total budget to 40,960 exam-454

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

ples and evaluate four configurations of (Ntr, R) ∈ 455

{(1024, 40), (2048, 20), (4096, 10), (8192, 5)}. 456

As shown in Figure 4, increasing R yields better 457

performance than increasing Ntr for Plot2Code 458

and ChartMimic. With a higher R, Lyra performs 459

more Add operations, which increases the chance 460

where the model encounters novel data. Addition- 461

ally, more frequent Add operations allow the LLM 462

to guide generation toward the complex charting 463

practices required for real-world benchmarks like 464

Plot2Code and ChartMimic. However, we observe 465

diminishing returns at R = 40, suggesting that 466

excessively small number of training examples can 467

destabilize training. In contrast, results on ChartX 468

are similar across all settings. Since ChartX 469

consists of simpler machine-generated charts, the 470

model performance saturates once it acquires basic 471

charting skills regardless of the specific training 472

schedule. 473

Ablation Study We demonstrate the impact of 474

our rank-based sampling strategy by comparing 475

Lyra against two deterministic variants as shown 476

in Figure 5. The -GR replaces the probabilistic 477

sampling in the Add operation with a greedy top- 478

k selection that exclusively selects the examples 479

with the most extreme scores for task generation. 480

The -TR applies a similar top-k strategy to the se- 481
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PEFT
Plot2Code ChartMimic ChartX

NRMSE SSIM Judge NRMSE SSIM Judge NRMSE SSIM Judge
- 0.13 0.35 10.97 0.15 0.40 9.23 0.23 0.55 15.3

Freeze 0.12 0.31 7.51 0.15 0.39 8.36 0.23 0.53 14.41
LoRA 0.13 0.33 10.97 0.12 0.31 8.14 0.26 0.61 18.93

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

lection of training data from the replay memory.482

The results show that -TR exhibits a performance483

trajectory almost identical to the full Lyra frame-484

work. This suggests that the prioritization of high-485

error samples is key regardless of whether the se-486

lection is probabilistic or deterministic. In con-487

trast, -GR suffers a significant performance drop488

during the initial rounds and subsequently recov-489

ers at a much slower rate. This aligns with find-490

ings from DQN (Mnih et al., 2015) that learning491

from strongly correlated samples is inefficient. By492

restricting task generation to extreme cases, -GR493

amplifies these correlations and concentrates the494

generated samples within a narrow, biased region.495

Replay Memory Expansion Increasing the num-496

ber of new examples added per round Na ac-497

celerates memory expansion, allowing the model498

to cover a wider range of charting tasks. How-499

ever, an excessively large Na poses two potential500

risks: it may dilute the sampling probability of501

high-scored examples, and it increases the num-502

ber of memory entries with stale scores that do503

not reflect the model’s current state. To exam-504

ine this trade-off, we compare performance with505

Na ∈ {256, 1024, 2048} while fixing the number506

of training examples Ntr to 2,048. As shown in507

Figure 6, performance generally improves as Na508

increases. Notably, this gain is most pronounced509

on the challenging Plot2Code benchmark, whereas510

performance on the simpler ChartX benchmark sat-511

urates at Na = 1024 with negligible further im-512

provement. This indicates that aggressive memory513

expansion is particularly beneficial for mastering514

complex, real-world charting tasks where diverse515

exploration is critical. Taken together, we suggest516

that setting Na ≈ Ntr is effective, whereas smaller517

Na are insufficient for discovering new charting518

skills.519

Parameter-Efficient Finetuning Recent studies520

suggest that parameter-efficient finetuning methods,521

such as low-rank adapters (LoRA), can mitigate522

catastrophic forgetting in continual learning (Liu523

et al., 2024a). We investigate whether this finding 524

extends to Lyra by applying LoRA to the language 525

backbone. In this configuration, we freeze the pre- 526

trained weights and train only the inserted adapters 527

using α = 8 and rank = 32. For comparison, we 528

also evaluate a full fine-tuning baseline where the 529

entire language model is updated while other pa- 530

rameters remains frozen. We use the same training 531

and evaluation settings as in the main experiments 532

and report the results in Table 1. As shown in Ta- 533

ble 1, LoRA achieves performance comparable to 534

full fine-tuning on Plot2Code and significantly out- 535

performs it on ChartX. This improvement suggests 536

that LoRA effectively mitigates catastrophic for- 537

getting, preserving the model’s ability to handle 538

simpler, near in-distribution charts. However, full 539

finetuning retains a clear advantage on the more 540

challenging ChartMimic benchmark, resulting in 541

higher SSIM and VLM-as-judge scores. This indi- 542

cates that while LoRA is efficient, updating the full 543

parameter set provides the necessary plasticity to 544

master the complex, out-of-distribution visual cues 545

found in real-world replication tasks. 546

5 Conclusion 547

In this work, we introduced Lyra, a fully auto- 548

mated and lifelong learning framework for the 549

chart-to-code task. By training a vision-language 550

model to predict Vega-Lite specifications rather 551

than imperative code, our approach leverages the 552

structural priors of declarative visualization gram- 553

mars to constrain the output space. Lyra utilizes a 554

large language model to synthesize an adaptive 555

curriculum that generates progressively diverse 556

chart-code pairs. To ensure continual improve- 557

ment, the framework maintains a replay memory 558

via Prioritized Experience Replay and employs 559

SpecSim, a specification-level similarity metric, 560

to focus training on the most challenging exam- 561

ples. Experiments across three out-of-domain 562

benchmarks demonstrate that Lyra progressively 563

enhances chart-to-code performance while effec- 564

tively mitigating catastrophic forgetting. 565
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Limitations566

Although we demonstrate Lyra on the chart-to-567

code task, the framework is generalizable to the568

lifelong learning of other complex visual tasks.569

However, a major challenge in extending this ap-570

proach is that chart images possess a unique ad-571

vantage: they can be described nearly perfectly572

by formal languages. In contrast, natural images573

generally lack such precise descriptors. Despite574

advances in diffusion models (Cao et al., 2024),575

text-to-image mappings do not guarantee that the576

generated image perfectly reflects the semantic in-577

formation of the text. Similar information loss578

affects model-based mappings in other domains,579

including text-to-speech (Zhang et al., 2023) and580

text-to-video (Sun et al., 2024). A potential solu-581

tion is to develop abstract grammars for natural582

data, analogous to how Vega provides a high-level583

grammar for charts. Incorporating prior knowledge584

into such grammars could constrain variability in585

textual descriptions and mitigate information loss586

in model-based generation.587
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A Appendix851

A.1 Background: Vega-Lite852

To render chart images, we use Vega-Lite instead853

of conventional plotting libraries such as mat-854

plotlib (Hunter, 2007). We briefly summarize Vega-855

Lite here to make this section self-contained. Vega-856

Lite is a high-level, declarative grammar of inter-857

active graphics that allows users to specify visual-858

izations as concise JSON objects rather than im-859

perative drawing code (Satyanarayan et al., 2016).860

A basic specification consists of a data source, a861

mark type, and a set of encoding definitions that862

map data fields to visual channels such as position,863

color, size, and shape. Encodings can include com-864

mon data transformations such as filtering, binning,865

aggregation, and sorting. Vega-Lite provides smart866

defaults for scales, axes, and color schemes, so that867

many details can be omitted in the specification and868

are inferred automatically by the compiler. Beyond869

single plots, Vega-Lite defines an algebra for com-870

posing multiple views, including layering, horizon-871

tal and vertical concatenation, faceting over a parti-872

tioning field, and repetition over sets of fields. This873

enables the succinct construction of dashboards,874

trellis plots, and scatterplot matrices while auto-875

matically sharing or aligning scales and axes when876

appropriate. In addition, Vega-Lite integrates a877

grammar of interaction based on selections, which878

abstract user input as named parameters that can879

drive conditional encodings, filters, and scale do-880

mains. Vega-Lite specifications are compiled to the881

lower-level Vega language, which handles dataflow,882

event processing, and rendering, so that users can883

describe the desired visual and interactive struc-884

ture at a relatively high level while still obtaining885

expressive, interactive visualizations.886

The use of Vega-Lite offers several advan-887

tages over the visualization tools adopted in prior888

work (Zhao et al., 2025; Li et al., 2025; Jiang et al.,889

2025) for training and inference with multimodal890

language models. First, Vega-Lite affords a much891

lower degree of freedom in the code than general-892

purpose languages such as Python. The structure893

and values related to the chart layout must strictly894

follow the grammar defined by the Vega-Lite spec-895

ification. In contrast, there are typically many dif-896

ferent code snippets in other languages that can897

render the same chart image, so the chart-to-code898

task is inherently one-to-many. By reducing the de-899

grees of freedom, Vega-Lite effectively shrinks the900

target space of the chart-to-code problem, allow-901

ing a generative model to learn this mapping from 902

less training data. Second, Vega-Lite encodes prior 903

knowledge about human chart design through de- 904

fault values for properties that are left unspecified 905

in the specification. In many other visualization 906

tools, users must manually specify most design de- 907

tails to obtain a chart that best describes their data. 908

For chart-to-code, this implies that the model must 909

not only map pixels to code fragments, but also 910

infer the design logic that yields an appropriate 911

visualization. With Vega-Lite, part of this logic 912

is delegated to carefully hand-crafted rules, which 913

reduces the burden on the model. Although this 914

sacrifices some flexibility and expressiveness, Vega- 915

Lite remains sufficiently powerful to render almost 916

all general-purpose charts. Taken together, these 917

characteristics reduce problem complexity and en- 918

able more sample-efficient training of multimodal 919

models. 920

A.2 Semantic Score in SpecSim 921

The semantic score in SpecSim is computed based 922

on four key elements in Vega-Lite specifications: 923

mark, encoding, data, and transformation. Mark 924

similarity compares the mark type and its visual 925

properties, assigning partial credit to closely re- 926

lated mark types and to overlapping mark proper- 927

ties. Encoding similarity measures both the overlap 928

of encoding channels and the agreement of their 929

definitions. Each channel is normalized into one 930

or more field definitions, and we average property- 931

level matches across key Vega-Lite encoding at- 932

tributes. Data similarity compares inline data val- 933

ues using Jaccard similarity. Transform similarity 934

compares the list of transforms via a combination 935

of multiset Jaccard similarity and longest common 936

subsequence over normalized transform objects, 937

capturing both the multiset of operations and their 938

ordering. 939

SpecSim also supports composite views such 940

as multi-layer, faceting, concatenation, and repeti- 941

tion. For these cases, it recursively compares cor- 942

responding sub-specifications and aggregates their 943

semantic scores with weights proportional to the 944

number of leaf views. When the two specifications 945

have different composite structures, SpecSim ex- 946

tracts representative base specifications and applies 947

a structural penalty based on nesting depth and 948

numbers of leaf views, thus rewarding semantically 949

similar visual encodings even under mismatched 950

layouts. 951
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A.3 Details on ChartCoder-160k Baselines952

The ChartCoder baseline utilizes the Chart2Code-953

160k dataset, which serves as the first large-scale,954

diverse dataset specifically designed for the chart-955

to-code generation task. Unlike previous datasets956

that rely on web-crawled images or simple syn-957

thetic pairs, Chart2Code-160k comprises approxi-958

mately 160,000 high-quality chart-code pairs span-959

ning 27 distinct chart types.960

The dataset construction follows a fully auto-961

mated pipeline powered by LLMs. It begins with962

the generation of domain-specific keywords and963

simulated data values to ensure semantic diversity.964

To guarantee structural variety, the framework uti-965

lizes 79 manually crafted code templates covering966

standard libraries such as Matplotlib and Seaborn.967

The LLM populates these templates with the gener-968

ated data to produce executable Python code, which969

is subsequently rendered to create the correspond-970

ing chart images. Rigorous filtering is applied to971

remove execution errors or low-quality renderings,972

ensuring a high-fidelity training corpus. To further973

enhance the reasoning capabilities of the baseline974

model, the dataset employs a Snippet-of-Thought975

(SoT) strategy. For a subset of 50,000 examples,976

the direct code generation is decomposed into a977

step-by-step reasoning format that mimics human978

programming logic:979

1. Layout Analysis: Determining the overall980

chart type and figure structure (e.g., plt.bar,981

plt.subplots).982

2. Data Definition: Extracting and formatting983

the numerical data and color schemes.984

3. Refinement: Applying stylistic details such985

as hatching patterns or legend locations.986

4. Final Code: Assembling the complete exe-987

cutable script.988

.989

Following manual inspection, we observed sig-990

nificant redundancy among the code samples in991

ChartCoder-160k. To eliminate semantically simi-992

lar duplicates, we first computed the BERTScore993

between all code pairs using RoBERTa. We then fil-994

tered out samples with a similarity sim(c1, c2) >995

0.9, retaining only a single representative from any996

cluster of overlapping examples. This process re-997

duced the dataset to 42,684 examples, from which998

we allocated 40,960 for training and 1,724 for val- 999

idation. Training followed the same hyperparam- 1000

eters as our main experiments, with the exception 1001

that we continued training until the validation loss 1002

began to increase. 1003

A.4 Prompt Templates 1004

We present the prompt templates for Chart-to-Code 1005

Translation (Figure 7), Vega-Lite Specification 1006

Generation (Figure 8), and Task Generation (Fig- 1007

ure 9). 1008

A.5 Pseudocode 1009

We present pseudocode for the Add and Update 1010

operations in Algorithms 2 and 3, respectively. Ad- 1011

ditionally, Algorithm 4 details the computation of 1012

the SpecSim metric. 1013
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Figure 7: Prompt for Chart-to-Code Translation.

Figure 8: Prompt for Vega-Lite Specification Generation.
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Figure 9: Prompt for Task Generation.

Algorithm 2: Add
Input: Replay memory Mt, LLM ϕ, task-generation prompt PT , spec-generation prompt PS ,

threshold τ(·), number of new entries Na.
Output: Updated replay memory Mt+1.

// Partition memory
τt ← τ({si});
M easy

t ← {(di, si) ∈Mt | si > τt}, Mhard
t ← {(di, si) ∈Mt | si ≤ τt}.

// Generate specs, render, and add to memory
Mt+1 ←Mt

for j = 1, . . . , Na do
T hard ∼ P (i|Mhard

t ) where ri ← rank(si,M
hard
t ) ; // Sample hard task

T easy ∼ P (i|M easy
t ) where ri ← rank(−si,M easy

t ) ; // Sample easy task

Tj ← ϕ(PT , T
hard, T easy) ; // Task generation

Cj ← ϕ(PS , Tj) ; // Vega-Lite specification generation
Ij ← Render(Cj) ; // Image rendering with Vega-Lite engine
Mt+1 ←Mt+1 ∪ {((Ij , Cj , Tj),null)}

return Mt+1.

Algorithm 3: Update
Input: Replay memory Mt, VLM πt, generation prompt PG, similarity metric S.
Output: Updated replay memory Mt.

// Select entries whose scores should be refreshed
Ut ← { i | si = null or di ∈ Dtrain

t }
for i ∈ Ut do

(Ii, Ci, Ti)← di;
Ĉi ← π(PG, Ii) ; // Chart-image-to-code translation

snewi ← S(Ci, Ĉi) ; // Evaluation
Mt ←

(
Mt \ {(di, si)}

)
∪ {(di, snewi )}

return Mt.
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Algorithm 4: SpecSim
Input: Vega-Lite specs c1 and c2.
Output: S(c1, c2) ∈ [0, 1].

// Syntactic similarity on linearized JSON
c̃1 ← Linearize(c1), c̃2 ← Linearize(c2)
d← EditDistance(c̃1, c̃2), Lmax ← max(|c̃1|, |c̃2|)

Ssyn ←

{
1− d/Lmax, Lmax > 0

1, otherwise

// Semantic similarity
Ssem ← RecursiveSemSim(c1, c2)

// Final score
S(c1, c2)← wsynSsyn + wsemSsem

return S(c1, c2).

Function RecursiveSemSim(c1, c2):
// Single-view semantics
smark ← CompareMarks(c1, c2)
senc ← CompareEncodings(c1, c2)
sdata ← CompareData(c1, c2)
strans ← CompareTransforms(c1, c2)
Ssingle ← wmarksmark + wencsenc + wdatasdata + wtransstrans

// Composite structure (layer, facet, concat, repeat)
t1 ← CompositeType(c1), t2 ← CompositeType(c2)
if t1 = t2 ̸= ∅ then

Scomp ← CompareComposite(c1, c2, t1)
else if t1 ̸= t2 or exactly one is composite then

base1 ← ExtractBaseSpec(c1), base2 ← ExtractBaseSpec(c2)
if base1, base2 exist then

p← StructuralPenalty(c1, c2)
Scomp ← p · RecursiveSemSim(base1, base2)

else
Scomp ← 0

else
Scomp ← Ssingle ; // No composite structure

return 1
2S

single + 1
2S

comp.
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