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Abstract

Scalable Vector Graphics (SVG) offer a powerful format for representing visual
designs as interpretable code. Recent advances in vision-language models (VLMs)
have enabled high-quality SVG generation by framing the problem as a code
generation task and leveraging large-scale pretraining. VLMs are particularly
suitable for this task as they capture both global semantics and fine-grained visual
patterns, while transferring knowledge across vision, natural language, and code
domains. However, existing VLM approaches often struggle to produce faithful
and efficient SVGs because they never observe the rendered images during training.
Although differentiable rendering for autoregressive SVG code generation remains
unavailable, rendered outputs can still be compared to original inputs, enabling
evaluative feedback suitable for reinforcement learning (RL). We introduce RLRF
(Reinforcement Learning from Rendering Feedback), an RL method that enhances
SVG generation in autoregressive VLMs by leveraging feedback from rendered
SVG outputs. Given an input image, the model generates SVG roll-outs that are
rendered and compared to the original image to compute a reward. This visual
fidelity feedback guides the model toward producing more accurate, efficient, and
semantically coherent SVGs. RLRF significantly outperforms supervised fine-
tuning, addressing common failure modes and enabling precise, high-quality SVG
generation with strong structural understanding and generalization.

1 Introduction

Generating structured visual code from perceptual inputs, known as the inverse rendering code gener-
ation problem, aims to translate images or text into executable code that reproduces the target visual
content [Rodriguez et al.|[2025b, [Baulé et al.| 2021]]. This task has gained momentum with the rise of
vision-language models (VLMs) capable of visual-symbolic reasoning and autoregressive sequence
generation. Among symbolic formats, Scalable Vector Graphics (SVG) [Ferraiolo et al.| 2000, |Quint,
2003|] offer a uniquely expressive target: they are compact, editable, and resolution-independent, and
align naturally with the token-based generation processes of language models [Brown et al., [2020]].
Recent works successfully frame SVG generation as a code synthesis problem [Wu et al.l 2023} |Cai
et al., 2023, |Xing et al., 2024, |Zhang et al., 2023} |Nishina and Matsui} [2024]]. StarVector [Rodriguez
et al.l [2025b]] proposes a model that combines a CLIP vision encoder with a pretrained LLM to
directly predict SVG code from images. Other works [|Cai et al., 2023} | Yang et al., [2025b, |[Zhang
et al., |2023] have explored editing, reasoning, and style control using similar architectures. These
models are typically trained using supervised learning on tokenized SVG sequences, achieving strong
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Figure 1: RLRF Overview. We present an RL approach for inverse rendering code generation
tasks, focused on SVG generation in VLMs. (Left) Given a text or image input, the model generates
multiple SVG rollouts, which are rendered and compared to the input to compute rewards based on
reconstruction, semantics, and code ef ciency. Non-differentiable steps (marked with stop signs)
are handled through RL. (Right) A challenging out-of-distribution example with no ground truth
SVG. While the base model (SVG-SFT) fails, RLRF enables progressive generalization, producing a
meaningful SVG that captures key elements like shadows using gradients.

syntactic and visual accuracy on short examples. However, they suffer from consistency issues over
long sequences and often fail to generalize to more diverse or out-of-distribution inputs. We recognize
that they operate with a critical limitatiothey do not observe or evaluate the rendered visual output

of the code during trainingToken-level losses ensure syntactic correctness but fail to incorporate
visual feedback from rendered outputs, causing models to hallucinate, loop, or lose grounding when
handling complex inputs (see Figure 1).

This limitation arises from thaon-differentiability of the SVG rendering processhe context of
autoregressive code generation, a challenge that differs from settings addressed by differentiable
rasterizers such as DiffVG [Li et al., 2020]. DiffV¥G makes raster-space losses trainable by expressing
an SVG as a small set of continuous primitives, and backpropagating the gradients from the rendered
image to those primitive parameters. Autoregressive VLMSs, in contrast, emit SVGs one discrete token
at a time, making the generation path non-differentiable due to discrete sampling at each decoding
step. As gradients cannot ow through discrete sampling steps, differentiable rendering approaches
such as DiffVG cannot be applied directly, leaving a critical gap in autoregressive SVG generation.

To address this, we propoB®.RF (Reinforcement Learning from Rendering Feedback), a method
for re ning the SVG generation capabilities of pretrained VLMs using feedback from rendered code
outputs (images), as depicted in. Figure 1. Our key insight is that rendering, though non-differentiable,
can still provide valuable evaluative feedback: rendered outputs can be directly compared to the
ground-truth image using automatic and high-quality reward functions. For each input image, the
model samples multiple SVG roll-outs, renders them into images, and compares the results to the
original.

We design a novel composite reward function integrating complementary reward signals to guide
learning: (1)image reconstructiormeasured using metrics like L2 distance,g8jnantic similarity
computed using models such as DreamSim [Fu et al., 2023] or CLIP [Radford et al., 2021]; and
(3) code ef ciencybased on deviations in SVG token length. This hybrid reward setup encourages
the model to improve SVG generation along multiple axes. RLRF delivers substantial gains over
supervised ne-tuning, addressing common failure modes and enabling models to acquire a deeper
understanding of SVG, producing accurate and well-structured vector graphics across diverse inputs.

Our contributions are as follows:
1. We introduceRLRF, a reinforcement learning method for SVG generation that leverages

rendering rewards to optimize the model, marking the rst use of an online RL algorithm for
inverse rendering code generation tasks.



2. We introduce a set akwards for vector graphics renderingthat combine pixel-level similarity,
semantic alignment, and code ef ciency to effectively guide models in SVG generation tasks.

3. We demonstratstate-of-the-art improvements in SVG generalization delity, and code
compactness across tasks and model sizes, supported by extensive analysis.

2 Related Work

SVG Generation SVG generation methods typically fall into three categories: classical image
processing, latent variable models, and large language model (LLM)-based methods. Traditional
methods [Vision Cortex, 2023, Selinger, Peter, 2024, Weber, Martin, 2024] rasterize images by tracing
contours and clustering regions, effectively extracting shapes but generating verbose, semantically
unstructured code. Latent variable models [Carlier et al., 2020, Wang and Lian, 2021, Ma et al., 2022,
Li et al., 2020, Cao et al., 2023] enable better interpolation and style transfer but are bounded by
simpli ed SVG subsets, resulting in less readable code. Recent LLM-based approaches [Rodriguez
et al., 2025b] capture the full SVG syntax by treating SVG generation as code generation tasks.
Subsequent studies [Zhang et al., 2023, Nishina and Matsui, 2025, Yang et al., 2025b] explored
structured generation, editing, and reasoning. However, because these models never validate outputs
visually, they often generate inef cient or inaccurate SVG code. To address these limitations, we
introduce RLRF, a reinforcement learning-based post-training strategy that incorporates visual
feedback into the learning loop, improving visual delity, semantic alignment, and code quality.

Vision-Language Models (VLMs) In parallel, vision-language models [Li et al., 2022, Liu et al.,
2023, OpenAl, 2023] and code-generating LLMs [Nijkamp et al., 2022, Li et al., 2023b] have
advanced signi cantly, enabling tasks that span both modalities — such as inverse rendering where
model generates SVG, TikZ, and CAD code from visual inputs [Belouadi et al., 2024, Rodriguez
et al., 2025a, Belouadi et al., 2025, Wang et al., 2025]. However, these models often hallucinate or
fail to generalize. Our work addresses this issue by providing visual feedback from the rendered
output, which improves both downstream performance and generalization in code-driven visual tasks.

Reinforcement Learning Post-Training Reinforcement learning (RL)[Schulman et al., 2017,
Zelikman et al., 2024, Rafailov et al., 2023] has recently emerged as a powerful framework for
post-training, particularly in aligning large language models (LLMs) with human or programmatic
feedback. GRPO[Shao et al., 2024] has shown that online RL can be both ef cient and scalable for
LLM alignment. However, most RL applications in code generation remain focused on execution
correctness, largely ignoring visual or structural outcomes. For example, CodeRL [Le et al., 2022]
uses an actor-critic framework to optimize for functional correctness, while RLEF [Gehring et al.,
2024] improves code quality by iteratively re ning it based on execution signals. In contrast, our
work introduces a composite reward that incorporates rendering feedback, enabling optimization
for visual delity, semantic alignment, and code ef ciency in SVG generation. A more detailed
discussion of related work is provided in Appendix D.

3 Method

Autoregressive SVG Code Generation Autoregressive VLMs have recently been applied to
generate SVG code from images. StarVector [Rodriguez et al., 2025b] trains a VLM by encoding
images with a CLIP Vision Transformer [Radford et al., 2021] and projecting features to the language
model's dimension. Using next token prediction, it learns to generate SVG code that shows strong
semantic understanding and effective primitive identi cation, leveraging primitives<ikgt> ,
<circle> , and<polygon>, and enhancing visuals via color gradients. However, the model struggles
with complex images requiring longer SVGs, often hallucinating or looping. This likely stems from a
lack of direct visual feedback during training, as it never sees rendered SVGs, limiting accuracy.

Overcoming the Non-Differentiable Rendering Problem In the autoregressive VLM setting,

the model learns to translate pixel images into SVG code. However, at inference time, it can easily
drift off-distribution, leading to poor visual outputs. Unlike other code generation tasks, inverse
rendering tasks like SVG generation offer a unique advantage: the generated code can be rendered
into a pixel image and directly compared to the input, enabling precise and inexpensive feedback.



While differentiable SVG renderers such as DiffVG [Li et al., 2020] exist, they rely on latent path
representations and are not compatible with our general, token-based approach to code generation.
Moreover, because SVG generation involves sampling discrete tokens, gradients cannot be directly
propagated. To address this, we propose RLRF (Reinforcement Learning from Rendering Feedback).
The model generates SVG code, which is rendered and evaluated using a composite reward that
re ects visual delity, semantic alignment, and code ef ciency. These rewards are used to optimize the
model using reinforcement learning techniques [Schulman et al., 2017, Shao et al., 2024], effectively
incorporating rendering-based feedback into the training process.

3.1 Two-Stage Training

Our training method rst adapts the VLM to the SVG domain throwsgipervised ne-tuningn
the Im2SVG task (SVG-SFT), and then further enhances its SVG generation capabilities using
reinforcement learningn visual renderings of its own SVG predictions (RLRF).

Stagel: Supervised Fine-Tuning on Images and SVGs (SVG-SFT)Let x. denote the condition-

sequence. We adapt the base VLM by minimising the negative log-likelihood

S
Lsrr ()= Ex.o [ logp (Xs]Xc)]l= Ex.p logp (Xsi j Xsi<t i%c) = (1)
I=1
where are the model parameters. Equatibrcorresponds to teacher forcing; it trains the model to
completeeverypre x in parallel and is therefore highly ef cient. After SFT the model can generate
plausible SVG code, but it is still unaware of the visual quality of its outputs because no feedback is
provided on the rendered image. This model shall be denotpd.&sj xc).

Stage2: Reinforcement Learning from Rendering Feedback (RLRF) The conditional distribu-

tionp ( j xc) from Equation(1) is subsequently reinterpreted as the stochastic policy during the
RL stage. Groundruth SVG tokens are labeled during SFT, whereas a sampled SVG sequence
during RL is denoted p ( j Xc) to differentiate it from ground truth. After the model learns to
write SVG code through SFT, we train it &valuatethis code by de ning a scalar rewaR{(X¢; 0)
calculated from the rendered images (details in Section 3.2). For this stage, we want to maximize the
objective for a given condition input;:

Jru( )= Eo p R(Xc;0) D w(p kp): @)
wherep _, is the frozen SFT model andcontrols the strength of the KL regularization to prevent
catastrophic forgetting. This can be optimized by any policy gradient method with a baseline to
reduce variance. However, learning a baseline or value network for lengthy, discrete SVG sequences
can be costly and unstable. Therefore, we ad@pup Relative Policy OptimizatiofGRPO) [Guo
et al., 2025], which eliminates the external baseline by centering rewards within a batch and maintains
proximity between successive policies using PPO's [Schulman et al., 2017] clipped-ratio method.

We drawG roll-outsf o;; 02;:::; 0g g conditioned on the same inpxit using the policyp ,(jXc).
The group-centered advantage and probability ratio for roll-dst
1 p (0 ] xo)
Ai = R(X¢; 0 — R(Xc;0); and rj = ————= 3
i (c I) G (C J) i po\d(OiJXC) ()

j=1
Our nal GRPO objective to update the current poligyover the conditioning data is givgn by:
1 ¥ .
Jered )= Exco g min(riAiiclip(ri;l 51+ )A)  D(p kpy)  (4)
i=1
where is a hyperparameter to clip the ratio.

3.2 Rewards for Vector Graphics Rendering

We carefully design reward functions that automatically evaluate SVG generation quality across
multiple dimensionsA key advantage of this setup is that we have access to fully automated, high-
quality reward signalseliminating the need to learn one using human annotations. We focus our



Figure 2:Im2SVG Reconstruction. Left: input ~ Figure 3:Text2SVG Generation. Left: input
pixel image. Right: rendered SVG predictions. text. Right: generated SVG renderings.

reward design on two core aspects of SVG generation: the visual delity of the rendered output
and the ef ciency of the SVG code in terms of compression. To capture both, we implement a
suite of complementary reward functions that assess the rasterized image and the underlying SVG
code. These include image reconstruction accuracy, semantic alignment, and code ef ciency. By
combining these rewards with tunable weights, our framework provides rich and targeted feedback
that drives the model to produce SVGs that are both visually faithful and structurally compact. We
utilize CairoSVG [Kozea, 2023] as our SVG renderer.

Image Reconstruction Rewards To measure how accurately the generated SVG reproduces the
input image, we de ne a pixel-level rewartl?) that is both scale-invariant and robust to exposure.
Given the input imagé;, and rendered predictidyeq, we rst normalize both to zero mean and unit
variance, then compute the L2 distance and convert it into a clipped reward:

Rmg=clp 1 o 10" 1502 11 ©)
wherel "M = (| )=, andclip(x; a; b) = min(max( x; a); b) bounds the reward withip 1;1].

This normalization ensures the reward emphasizes structural and color discrepancies relevant to
vectorization, rather than large uniform regions or exposure artifacts. We also de ne an edge-aware
variant,L2 Canny where we apply a Canny Edge Detector [Canny, 1986] to batand| preq

followed by dilation 8 3 kernel, 1 iteration) and Gaussian blur (size 13), which enhances structural
alignment based on visual delity.

Semantic Similarity Rewards For semantic-level rewards, we uSeeamSiniFu et al., 2023],

which encodes each image using three ViT-B/16 backbones — CLIP, OpenCLIP [Cherti et al., 2023],
and DINOvV2 [Oquab et al., 2023]. Their feature vectors are concatenated, passed through a linear
projection, and compared using cosine similarity. This provides a meaningful semantic similarity
signal for the Im2SVG task. For shape-focused feedback, we &pphmSim Cannywhich uses

an edge detector on both prediction and target images before computing DreamSim. A comparison
of edge maps emphasizes crisp contours and geometric accuracy while remaining insensitive to
variation in color or texture. We convert the similarity sceimn 2 [ 1;1]to a reward using
Rsm=1 2 sim, where higher values indicate stronger semantic alignment. For the Text2SVG
task, we use€LIP as a reward to compute the cosine similarity between the text prompt and the
rendered SVG image in the embedding space. We also Wilii as a judgdo assess the quality of
generation (see more details about Text2SVG rewards in Appendix A.2).

Code Ef ciency Rewards. To encourage compact SVG generation, we deéSW6G Length Devia-
tion as a reward that penalizes excessive token length relative to the ground truth S\Gckahd
L 4 denote the predicted and ground truth SVG token lengths, respectively. The reward is de ned as:

1 Ly 2
Rien=1 i max  0; L pred 79 ; (6)
gt



Figure 4:Ablation on Sampling Temperature. Keeping the sampling temperature high is critical

for promoting roll-out diversity. Test MSE, Reward, and SVG Length measurements consistently
improve. We nd that increasing the temperature up to 1.2 improves exploration, but values beyond
this lead to unstable behavior and diverged outputs.

Figure 5:Ablation on the Number of Roll-outs. Increasing the number of roll-outs consistently
improves MSE, reward, and SVG length. We report training curves, which offer clearer visibility by
averaging over a large number of roll-outs.

which applies a quadratic penalty when the predicted length exceeds half the ground truth. This
formulation allows moderate variation while discouraging overly long or redundant SVG sequences.
We then apply clipping to constrain the reward within the intefval; 1].

Final Reward Aggregation We integrate multiple reward signals by computing a weighted sum
of individual components. Le&R; be theith rewari'gl function anay; its corresponding weight, for

i =1;:::;K. The nal reward is given byRga = iK:1 w; R;. This formulation allows ne-tuning
the contribution of each component, ensuring a balanced and exible training signal.

4 Experiments

4.1 Experimental Setup

The main paper focuses primarily on the Im2SVG experiments, as this setting offers a well-de ned
and visually grounded framework for evaluating the SVG performance gains achieved with RLRF. We
also explore the Text2SVG setting, presented primarily in Appendix A.2, where RLRF demonstrates
strong generalization beyond image-conditioned generation. All experiments are conducted using
publicly available vision-language models (VLMs), speci cally the Qwen2.5-VL [Bai et al., 2025]
and Qwen3 [Yang et al., 2025a] families (the latter used only for Text2SVG). We also include the
StarVector-1B model [Rodriguez et al., 2025b], which is trained speci cally for the Im2SVG task, and

a xed input resolution oR24 224 In contrast, Qwen2.5-VL supports adaptive input resolutions
and bene ts from broad pretraining, enabling stronger general knowledge. However, Qwen models
still exhibit limited performance on SVG-speci ¢ tasks without targeted ne-tuning.

Supervised Fine-Tuning on SVGs (SVG-SFT) We ne-tune Qwen2.5-VL models (3B and 7B) on

the Im2SVG task using a cleaned subset of 1.7M image-SVG pairs from the SVG-Stack dataset [Ro-
driguez et al., 2025b], resulting in the SVG-SFT models. Training runs4s8d100 GPUs (3B
model) or8 8 H100 GPUs (7B model) for 4 days ovei3 epochs, with learning ratke 5, batch



size1024 and context lengtB2k tokens. Although Qwen2.5-VL supports up1dgk tokens, we
limititto 32k to t 90% of the data given memory constraints.

Reinforcement Learning from Rendering Feedback (RLRF) on SVGs For the Im2SVG task,

we further post-train the Qwen2.5-VL models, as well as StarVector-1B (which can be viewed
as an SVG-SFT model), using RLRF. We begin by ltering the SVG-Stack dataset to select 20k
high-entropy samples that are rich in visual detail and SVG complexity (each with over 500 tokens).
Details of this data curation process are provided in Appendix B.2. During training, we use the
GRPO algorithm with a rollout batch size of 32 images per step. For each image, 64 rollouts are
generated, resulting in 2,048 rollouts per training step. We train for 500 steps in total, covering 16k
unique images, signi cantly fewer than the 1.7M samples used in SVG-SFT. Training was completed
in approximately 3 days using 4 nodes, each withi800 GPUs. For Text2SVG, we use Qwen3-8B,

a text-only model, and train it using image caption datasets (Flickr30k and MM-Icons), using only
the captions as inputs (no SVG supervision). The model is promptetthitak> before generating

SVG code. We train on a single node witk/8LO0 GPUs ford days, using a rollout size of 16 and a
batch size o882 per step, forl000steps, corresponding to 16k unique captions. Across all RLRF
experiments, we use a learning ratelef 5 with 70% decay everyl00steps. KL regularization is
disabled KL coef cient = 0), with a clipping threshold = 0:4 and sampling temperature setltd.

Exploration of Rendering-Based Rewards and Hyperparameters Starting from a Qwen2.5-
VL-3B model ne-tuned with SVG-SFT, we apply RLRF. We use the smallest model to reduce
exploration cost, while ensuring that the ndings generalize to larger models. We run 800 steps
(25.6k images) to study the impact of different rendering-based reward functions, and 150 steps
(4.6k images) for hyperparameter ablations involving sampling temperature, KL divergence, and the
number of rollouts per input.

4.2 Evaluation

Baselines.We compare our approach against image processing methods (Vtracer [Vision Cortex,
2023], Potrace [Selinger, Peter, 2024], PyAutoTrace [Weber, Martin, 2024]), deep learning methods
(LIVE [Ma et al., 2022], DiffVG [Li et al., 2020]), and LLMs and VLMs including Claude3.7
Sonnet [Anthropic, 2024], GPT-4o0 [Hurst et al., 2024], Gemini Family [Georgiev et al., 2024] and
open-source models like Qwen2.5VL [Bai et al., 2025] or Llama4 [Meta, 2025] families. These
baselines span a wide range of modeling approaches, scales, and architectures.

Benchmarks. For Im2SVG, we report results @V G-Stack-Hard, a curated subset of 500 visually
complex and diverse SVGs selected from the original SVG-Stack (see Appendix B.2 for more
details on datasets). We also evaluate on additional benchmarks inc&MiBdEmoji SVG-Fonts

and SVG-Icons [Rodriguez et al., 2025b]. For Text2SVG evaluation, we useMiM:Iconand
MM-lllustration  [Yang et al., 2025b], as well d&dickr30k Captions [Young et al., 2014].

Metrics. For Im2SVG, we us&SE and SSIMfor pixel-level delity, and DINO Score[Oquab

et al., 2023] and.PIPSZhang et al. [2018] for perceptual similarit@ode Ef ciencyis the negated

mean difference between ground truth and predicted SVG token counts. Positive values indicate
more compact outputs. Ideally, the score is near zero, re ecting compression without loss of delity.
For Text2SVG, we evaluate with CLIP similarity and an LLM-based judge (Qwen2.5-VL-72B) for
text—image alignment. Additional details on metrics are provided in Appendix B.1.

5 Results

5.1 Main Results

Im2SVG Results. Table 1 presents the Im2SVG results. Image processing methods like LIVE
and VTracer achieve strong reconstruction scores, especially in MSE, by densely tting paths to the
image. However, this leads to artifacts and extremely long SVGs, often exceeding 7k tokens and
reaching up to 100k, as re ected in their low code ef ciency. Closed-source VLMs perform well
overall. While they do not achieve perfect reconstructions, their performance improves with scale
and bene ts from SVG-rich pertaining. Open-source VLMs lag behind. Smaller Qwen2.5VL models
(3B and 7B) require heavy prompting and struggle to generate SVGs. Larger versions (32B and 72B)
can produce SVGs, but still fail at accurate reconstruction.



Table 1:RLRF Boosts SVG Generation Performance We compare baselines on the Im2SVG
task using th&SVG-Stack-Hard test set. Lower MSE/LPIPS and higher DINO/SSIM indicate better
performance. Code Ef ciency re ects token compactness, with values near zero being ideal. Open
VLMs lag behind, while closed models perform well without SVG-speci ¢ tuning. Image processing
methods achieve strong scores but generate verbose, inef cient code. LIVE scores highest but with
high sampling cost. RLRF sets a new state-of-the-art with consistent gains across all metrics.

Model #MSE " SSIM " DINO #LPIPS Code Eff. Time(s)
VLMs (Open-Source)
Qwen2.5VL-32B-Instruct  23.62 55.46 82.38 35.83 +1.3k 58
Qwen2.5VL-72B-Instruct  23.20 55.72 81.68 34.14 +1.4k 62
Llama4-Scout (109B) 20.98 58.58 83.72 33.37 +1.4k 57
Llama4-Maverick (400B) 20.67 59.26 85.61 31.75 +1.3k 61
VLMs (Closed-Source)
Gemini-Flash-1.5 20.38 59.65 84.70 33.27 +1.2k 59
Gemini-Flash-2.0 19.31 60.21 86.53 32.10 +1.1k 63
Gemini-1.5-Pro 20.19 60.75 84.17 33.02 +1.2k 58
Claude 3.7 Sonnet 17.73 69.33 79.80 28.42 +1.4k 62
GPT-40-1120 16.92 66.91 89.00 27.55 +1.3k 60
Image Processing Methods
Potrace 8.15 77.28 89.23 19.10 -7.3k 12
DiffvG 6.64 81.23 86.12 20.5 -19.7k 31
PyAutoTrace 471 87.44 95.68 10.71 -99.7k <1
VTracer 4.25 87.94 95.75 11.66 -12.9k <1
LIVE 2.22 88.11 93.45 7.23 -18.3k 1,243
RLRF Results on SVG Base Models
StarVector-1B-Base 4.60 87.00 96.00 9.22 -800 64
+RLRF (ours) 3.46 88.00 98.00 7.51 -127 23
Improvement -1.14 +1.0 +2.0 -1.71 +763 -41
Qwen2.5VL-3B-Instruct 23.31 62.28 69.26 35.30 +1.5k 24
+SVG-SFT(ours) 9.48 78.40 92.60 17.44 -2.5k 67
+RLRF (ours) 4.79 88.76 95.97 10.97 199 48
Improvement -4.69 +10.36 LA -6.47 +2.7k -19
Qwen2.5-VL-7B-Instruct  23.10 61.40 78.00 33.80 +765 37
+SVG-SFT(ours) 8.60 79.40 93.00 16.58 -2.8k 73
+RLRF (ours) 4.01 89.18 96.31 9.74 -248 63
Improvement -4.59 +9.78 reLEiL -6.84 +2.5k -10

RLRF signi cantly boosts the SVG capabilities of StarVector-1B, Qwen2.5VL 3B and 7B
improving both reconstruction accuracy and code ef ciency. Qualitative examples in Figure 2
highlight thenotable gains achieved with RLRF it consistently generates coherent and well-aligned
SVGs, while other methods often exhibit misalignments due to their lack of rendering awareness.

Text2SVG Results. Figure 3 presents qualitative samples from four models: Qwen3-7B with RLRF,
Qwen3-32B, GPT-40, and Gemini 1.5 Ptdsing only 16k natural captionsfrom Flickr30k and
MM-Icons, with no paired SVG supervision, and our text-image alignment rewtd?f- enables
Qwen3-8B to generalize to the Text2SVG task, consistently producing SVGs that closely align

with user prompts (see Table 4 and Figures 3, 9). Qwen3-32B, despite its larger size, lacks the SVG
generation capabilities and rendering awareness required for high-quality outputs. It often produces
results that are misaligned or semantically incorrect. GPT-40 and Gemini 1.5 Pro generate more
coherent SVGs, but frequently rely on oversimpli ed representations and struggle with spatial layout
and ne-grained detail. While Qwen3-8B with RLRF achieves strong performance, it still faces
challenges with precise Bezier curves and often relies on basic geometric primitives. These limitations



Figure 6:Ablation of the KL Term. Removing the KL term improves reward learning by avoiding
early saturation. We attribute this to the conditional distribupp¢8VG j image already being
well-regularized by the rewards. RLRF bene ts from this added exibility without instability.

Table 2:Ablation on the importance of SFT for RLRF. We evaluate the Qwen2.5VL-7B model
under different training con gurations to assess the role of supervised ne-tuning on the Im2SVG
task (SVG-SFT). The baseline is the instruction-tuned model, which has limited SVG capabilities.
Applying SVG-SFT provides a strong performance boost. Running RLRF directly on the instruction-
tuned model yields poor results, while the best performance is achieved by combining SVG-SFT
followed by RLRF.

Method MSE# SSIM" DINO" LPIPS# Code Eff.
Baseline (Instruct) 23.10 61.40 78.00 33.80 -765
Instruct + SVG-SFT 8.60 79.40 93.00 16.58 +2,827
Instruct + RLRF 14.23 67.23 81.12 26.32 -321
Instruct + SVG-SFT + RLRF  4.42 89.09 96.12 10.41 +173

could be addressed through further model scaling and more diverse training data. Additional results
and analysis are provided in Appendix A.

Models trained with RLRF demonstrate strong SVG generalization.We stress-test these models

on out-of-distribution benchmarks, including SVG-Emoji, SVG-Fonts, and SVG-Icons, and show in
Table 7 that performance improves despite no exposure to these datasets during training. Qualitative
examples, such as the “apple” and “strawberry” cases in Figures 1 and 2, further illustrate this effect.
These samples include visual styles with shadows and layered effects that were never encountered
during training and differ signi cantly from the training distribution. While the SVG-SFT baseline
fails to produce coherent outputs under such shifts, RLRF enables the model to develop a deeper
understanding of SVG structure, allowing it to generate well-aligned and reasonable outputs, even if
not perfect. The generated SVGs are not only visually faithful to the input but also syntactically clean,
editable (Figure 12), and practical for downstream applications. Additional results and discussion are
provided in Appendix A.

5.2 Ablation Studies

SVG Exploration Matters. As shown in Figures 4 and 5, using a sampling temperature of 1.0
encourages diverse roll-outs, resulting in richer reward signals and more effective learning. Increasing
the number of roll-outs per input, from 8 to 64, consistently improves performance. We observe
no signs of reward saturation, suggesting that even more roll-outs could further enhance results.
Figure 6 shows the effect of removing the KL divergence penalty in the GRPO objective. We nd
thatexcluding the KL term improves reward progression, avoids early saturation, and reduces
computation, by eliminating the need to query the reference model. Our interpretation is that the
conditional SVG distributiom(xs j X¢) is naturally narrow, thanks to the structured SVG syntax and
strong reward signals. The KL term thus provides limited bene t and may unnecessarily constrain
exploration. In addition, omitting the KL penalty improves computational ef ciency by eliminating
the need to evaluate the reference model during each training step.

Running RLRF directly on instruction-tuned checkpoints fails, as shown in Table 2. These
models lack the SVG pro ciency needed to select appropriate primitives and explore effectively.



SVG-SFT is essential to build baseline SVG uency, while RLRF sharpens these skills for reliable
Im2SVG and Text2SVG generation.

Ablation of Rewards. The choice of reward has a signi cant impact on learning speed. Figure 13
shows that combining L2 and L2-Canny accelerates convergence compared to using either alone.
Adding DreamSim further accelerates convergence. While L2-based rewards favor precise recon-
struction (lower MSE), they lack semantic coherence, as re ected in lower DINO scores. The best
performance is achieved by combining pixel-level and semantic rewards, along with a length penalty
for code compactness. More detailed analysis is provided in Appendix A.4.

6 Conclusion

We have shown that reinforcement learning (RL) can be highly effective for inverse rendering
tasks, where models generate code that is rendered into images. By designing tailored rewards, we
signi cantly enhance SVG reconstruction and generation capabilities in vision-language models
(VLMs). We introduced RLRF (Reinforcement Learning from Rendering Feedback), a novel approach
for ne-tuning autoregressive VLMs on SVG generation using RL. RLRF equips models with a
stronger understanding of the SVG code space, enabling them to produce more ef cient, semantically
aligned, and visually accurate outputs, even on benchmarks and SVG types not seen during training.
We rst apply supervised ne-tuning (SFT) to give models a strong foundation in SVG generation.
RLRF then drives exploration through rendered rollouts, computes automatic rewards, and optimizes
generation accordingly. This results in a fully automated, high-quality training signal powered by a
composite reward that balances pixel-level accuracy, semantic alignment, and code ef ciency. The
results are compelling: models trained with RLRF consistently generate SVGs with deeper structural
understanding, improved visual delity, and signi cantly better code ef ciency.

Broader Impact While our focus is on SVGs, the core idea behind RLRF generalizes in principle
to other inverse rendering code generation tasks. This includes HTML/CSS/JavaScript for web
development, LaTeX/TikZ for scienti c visualizations, 3D rendering code, and CAD modeling. We
believe RLRF offers a general framework for improving structured, code-driven visual synthesis.
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Appendix

This appendix provides additional details and analyses for the RLRF approach. It is organized as
follows:

» Appendix A presents extended quantitative and qualitative results, including visualizations
of SVGs generated from both image and text inputs. These results demonstrate how RLRF
outperforms supervised ne-tuning (SVG-SFT) and other strong baselines.

» Appendix B details the experimental setup, including datasets, evaluation metrics, and
implementation speci cs.

» Appendix C provides further elaboration on the RLRF approach, covering architectural
choices, training objectives, implementation techniques, and limitations.

» Appendix D offers a comprehensive overview of related work in SVG generation and
reinforcement learning for structured code output.

Table of Contents

A Additional Experiments and Results 17
Al Im2SVGResUlts . . . . . . . 17
A2 Text2SVGResults . . . . . . . . . . e 17
A.3 Generalization across SVG Benchmarks . . . . . ... ... ... ... ...... 18
A.4 Ablation Study: Impactof Rewards . . . . ... ... ... oo 20
A5 Casesof RewardHacking. . . . .. ... .. ... ... .. ... .. .. ..., 24
B Experimental Setup 25
B.1 Metrics . . . . . . e 25
B.2 Datasets . . . . . . . . . e e e 25
C RLRF Method 27
C.1 Multimodal Architecture . . . . . . . . . .. . 27
C.2 RewardDetails . . . .. .. .. . . . .. e 28
C.3 Implementation Strategies for Stable and Robust RLRF Training . . . . .. .. .. 29
C.4 Limitations . . . . . . . . . e 29
D Extended Related Work 29
D.1 SVGGeneration. . . . . . . . . . e e 29
D.2 Vision-Language Models (VLMS) . . . . . . . . . . o 30
D.3 Reinforcement Learning Post-Training . . . . . . . .. ... ... ... ...... 31

16



Figure 7:Im2SVG Results Visualization.We present qualitative comparisons of our RLRF outputs

on test samples from the SVG-Stack-Hard benchmark, alongside generations from Qwen2.5VL-7B
(netuned on SVGs via SVG-SFT), Qwen2.5VL-70B (not speci cally trained on SVGs but pro cient

at SVG code generation), and Gemini 1.5 Pro. Our RLRF signi cantly enhances the performance of
Qwen2.5VL-7B, enabling it to produce SVGs that are more geometrically accurate, color-consistent,
and visually aligned with the input images.

A Additional Experiments and Results

This section provides additional experiments and results. Speci cally, we present visualizations of the
generated SVGs for both the Im2SVG and Text2SVG tasks, along with comprehensive quantitative
scores. We also evaluate the generalization ability of RLRF by analyzing its performance on out-of-
distribution test sets. Finally, we include an ablation study to assess the impact of different reward
con gurations.

Al Im2SVG Results

We show visualizations of results ftm2SVG in Figure 7, where we compare outputs from our
RLRF with those from the SVG-SFT version of the Qwen2.5VL-7B model, as well as larger baselines
including Qwen2.5VL-70B and Gemini 1.5 Pro. The examples are drawn from the challenging SVG-
Stack-Hard test set. The SVG-SFT model often exhibits common failure modes such as misaligned
shapes, incorrect spatial composition, or missing visual elements. In contrast, our RLRF signi cantly
improves geometric accuracy and semantic alignment. For instance, in several samples requiring
intricate spatial layouts or multiple object parts, RLVG consistently generates well-structured and
complete SVGs, correcting the errors of the baseline models. Surprisingly, even compared to much
larger models like Qwen2.5VL-70B and Gemini 1.5 Pro, our ne-tuned 7B model produces outputs
that are more visually faithful and aligned with the input images. This highlights the impact of our
reinforcement learning approach in improving structured image-to-code generation.

A.2 Text2SVG Results

Table 4 presents quantitative results for the Text2SVG task across three benchmarks: Flickr30k
(proposed here), MM-Icons, and MM-lllustrations [Yang et al., 2025b]. These datasets allow for
broad comparison across a wide range of methods. For our RLRF models, Flickr30k and MM-
Icons captions are used during training, meaning the prompts are in-distribution. However, the
corresponding SVGs are not used, making the generation task itself zero-shot. MM-Illustrations
serves as an out-of-distribution evaluation set.

We compare both open-source and closed-source VLMs, none of which were explicitly trained
on these benchmarks. For baseline models, we report the best available results, including those
from MM-Icons and MM-lllustrations as documented in [Yang et al., 2025b]. We are actively
working to expand the set of evaluated models and report additional scores. We also introduce a
new metric, Accurate, which is computed only on results for which ground-truth comparisons are
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Figure 8:Text2SVG Results Visualization.We present qualitative comparisons of our RLRF outputs

on test samples from the Text2SVG benchmark, alongside generations from Qwen3-32B, GPT-40,
and Gemini 1.5 Pro. Our method effectively aligns Qwen3-8B to produce high-quality, semantically
rich, and visually coherent SVGs.

feasible. The results show that while RLRF does not yet outperform the OmniSVG baseline, it
demonstrates strong generalization and SVG generation capabilities. Notably, our method approaches
OmniSVG's performance despite not being trained on any paired SVGs from the target datasets.
Among all models, Claude 3.7 achieves the strongest results, potentially due to speci ¢ tuning for
SVG tasks. Nonetheless, RLRF showcases a promising path toward rendering-aware, reward-driven
SVG generation.

We show Text2SVG visualizations in Figure 8, where we compare our method (Qwen3-8B RLVG)
with larger baseline models, including Qwen3-32B, GPT-40, and Gemini 1.5 Pro. Our approach
consistently produces SVGs that are both semantically aligned with the input text and visually
coherent. For example, in the “girl in a yellow bathing suit” prompt, our model captures the full
scene with correct composition and multiple characters, whereas other models either omit key
elements or fail to structure the layout meaningfully. Similarly, for more abstract prompts like the
“purple clipboard with yellow and orange accents”, our method generates a recognizable object with
the correct semantic attributes, while others produce vague or incorrect outputs. Notably, models
like GPT-40 and Gemini often misinterpret structural or compositional cues, especially in prompts
requiring multiple interacting objects. Figure 9 presents two qualitative examples that illustrate the
model's reasoning process after applying RLRF, as well as the alignment between the generated
SVGs and the input prompts. While the outputs are not yet fully aestlitasaemarkable that the

model demonstrates such strong generalization despite being trained only with text captions

from natural image datasets, i.e., without paired SVG supervisionThe reward signal is provided

solely by a VLM (Qwen2.5VL-7B), which evaluates the rendered SVGs, as detailed in Appendix C.2.
Notably, the model has never seen an image during training (it does not have an image encoder), yet
it learns to produce visually coherent graphics through this reward sighla¢se results demonstrate

that RLRF enables smaller models to outperform larger baselines in structured visual grounding tasks.
We also tested RLRF on Qwen3-3B but found it ineffective, as the small size of the model makes it
lack the SVG pro ciency required to bene t from reinforcement learning.

A.3 Generalization across SVG Benchmarks

We tested the generalization capabilities of our trained RLRF models and found that the reinforcement
learning stage equips them with strong out-of-distribution robustness. RLRF models can handle new
visual domains and vector styles that were never seen during training. This is shown in Table 3,
presenting results on three out-of-distribution datasets (SVG-Emoji, SVG-Fonts, and SVG-Icons)
which were entirely excluded from training. Rows marked “RLRF (ours)” correspond to models
rst instruction-tuned on SVG-Stack (1.7M samples), then re ned with RLRF using a curated subset
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Figure 9:Text2SVG Generation Examples from RLRF.We show samples generated by the Qwen3-

8B model after applying RLRF training. Each example begins with a reasoning-style planning phase,
followed by the generation of SVG code. The two prompts—one describing a cyberpunk scene at
sunset and another depicting a mysterious green orb—are rendered into long and complex SVGs that
closely match the inputs. Notably, the model achieves this despite its relatively small size (8B), and
such quality was not attainable before reinforcement learning. Larger models and more training data
are expected to further improve results, as current trends show no signs of saturation.

of 16k images (SVG supervision is not used in this stage, only rendered rollouts are rewarded).
Across all perceptual delity metrics (lower MSE and LPIPS, higher SSIM and DINRDRF
delivers signi cant improvements over its own supervised (SVG-SFT) baseline and over all

other open-source or commercial VLMs. For example, orS8VG-Emojisthe Qwen2.5VL-7B
SVG-SFT model improves from 6.39 MSE and 90.99 DIN@& ©®3MSE and93.50DINO, while
reducing the average SVG length by approximately 1,500 tokens. A similar improvement is observed
on SVG-Fontswhere the MSE drops from 7.1 th73 despite no ne-tuning on that domaifthese

results demonstrate that reward signals derived from rendered images generalize effectively to unseen
domains even without direct supervision on those categories during optimization. In contrast, models
like StarVector require explicit ne-tuning on each target dataset to achieve comparable performance,
as shown by their task-speci ¢ tuning 8VG-FontsandSVG-Icons

We further observe that RLRF consistently outperforms SVG-SFT across all metrics dB\li@th
EmojisandSVG-Fonts However, orSVG-IconsRLRF only improves perceptual metrics such as
DINO and LPIPS, while MSE and SSIM scores are slightly worse. This discrepancy is likely due to
the nature of the dataset, which is heavily skewed toward sparse line drawings on white backgrounds.
In such cases, small misalignments in thin black strokes can cause large changes in pixel-based
metrics, making MSE and SSIM less reliable indicators of perceptual quality. Notably, traditional
image processing methods perform quite well in general, as they are highly optimized for this style of
imagery. However, this comes at the cost of producing extremely verbose SVGs with unnecessarily
long token sequences, which lack semantic structure and often result in less ef cient, non-sharp
outputs and with artifacts [Rodriguez et al., 2025b].

We show qualitative visualizations in Figures 10 and 11, highlighting the generalization capabilities
of RLRF. Despite never being trained on these datasets, models ne-tuned with RLRF produce SVGs
that closely match the input in both shape and style, often achieving near-perfect reconstructions.
SVG-SFT provides a reasonable baseline and captures basic structure, con rming the importance of
the supervised pretraining stage. However, it frequently exhibits notable misalignments. For example,
in the “disk” icon, RLRF preserves overlapping circular segments more accurately, whereas SVG-SFT
distorts the occlusion geometry. In the “dress” example, RLRF leverages symmetry more effectively,
producing a more coherent and balanced shape. Other models, including GPT-40, Claude 3.7, and
Gemini 1.5 Pro, perform inconsistently and often fail to reconstruct ne details or preserve shape
semantics. This highlights the advantage of reinforcement learning from rendering feedback, which
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Figure 10:Results on the SVG-Emoji test setThe task is Im2SVG, where the rst column shows

the pixel-based input image and the remaining columns show generations from different models.
This benchmark tests out-of-distribution generalization, as neither RLRF nor SVG-SFT models were
trained on this dataset. RLRF shows clear improvements over SVG-SFT, with more coherent and
visually accurate outputs. Other strong models like GPT-40 and Claude 3.7 also demonstrate notable
generalization

enables RLRF to develop a stronger understanding of structure and style across out-of-distribution
examples.

A limitation we observe on RLRF is the model's tendency to “give up" on very complex inputs,
producing code that diverges and then falls into loops. This likely stems from dif culty approximating
intricate visual content. We believe this can be mitigated by scaling up the diversity and complexity
of training data, especially images that require longer and more challenging SVG sequences.

Image processing methods still excel at pixel error. Vectorization pipelines like VTracer and

LIVE achieve the lowest MSE values on inputs that are simple single-color glyphs with white
backgrounds, where exact pixel reconstruction is relatively easy. However, these methods score lower
on perceptual metrics like DINO, which emphasize sharpness and human-perceived delity. They
also produce SVG code that is orders of magnitude longer and less ef cient than any learning-based
approach, lacking semantic alignment and practicality for editing or deployment.

RLRF offers the best balance. While image processing methods remain strong on raw pixel
metrics, RLRF is the only approach that consistently improves pixel delity, structural similarity,
semantic alignment, and code compactness. By combining reconstruction-based and ef ciency-based
rewards, RLRF learns to generate SVGs that are visually accurate, semantically meaningful, and
compact, making it a strong candidate for real-world deployment where models must generalize to
new domains and produce editable, ef cient code.

A.4 Ablation Study: Impact of Rewards

Figure 13 and Table 5 present an ablation study on the impact of different reward con gurations
introduced in Section 3.2. We begin with the Qwen2.5VL-3B model after completing the SVG-SFT
stage. At this point, the model is already capable of generating valid SVGs that resemble the input
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