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Abstract

Generating programmatic animations with libraries such as Manim poses unique
challenges for large language models (LLMs), requiring spatial reasoning, temporal
sequencing, and adaptation to interactive execution environments. However, how
different post-training objectives influence an LLM’s capacity to leverage dynamic
feedback during generation remains under-researched. This study introduces
ManimTrainer, a framework that combines Supervised Fine-tuning (SFT) with
visually grounded Reinforcement Learning via Group Relative Policy Optimisation
(GRPO) using a unified code-and-visual reward signal, alongside ManimAgent,
an inference pipeline featuring Renderer-in-the-loop (RITL) and documentation-
augmented execution feedback. Evaluating 17 open-source sub-30B LLMs across
nine combinations of training and inference strategies on ManimBench, this work
presents a unified study investigating how training types interact with test-time
execution feedback. The results show that SFT and GRPO improve visual quality
to a comparable degree under vanilla inference, while GRPO also preserves the
policy’s responsiveness to extrinsic error signals during self-correction. Under
renderer feedback, GRPO outperforms the base and SFT models by median margins
of 2.7 pp and 1.3 pp across the 17 models, and the same trend also holds under
RITL-DOC. Additionally, the analysis shows that the correlation between code and
visual metrics strengthens with SFT and GRPO but weakens under inference-time
execution loops, highlighting the complementary roles of training objectives and
interactive environments in programmatic generation.
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1 Introduction

Programmatically generated animations show promise as reliable mediators for the efficient, auto-
mated generation of educational videos using Large Language Models (LLMs). Leveraging LLMs’
code-generation abilities with simple yet effective animation libraries, such as Manim [1]], provides
greater accuracy and efficiency than diffusion-based video generation models. However, generating
correct Manim code remains difficult, as it requires not only syntactic fluency in Python but also
reasoning about three-dimensional coordinate systems, sequencing of animations over time, and
knowledge of the Manim API, which is underrepresented in general code-based pre-training datasets

[2].

Fine-tuning adapts an LLM to a specific task and is typically evaluated based on its performance in a
single forward pass or chat turn. However, in practice, a deployed model operates in an interactive
execution environment, receiving feedback from the tools it calls, such as compiler errors or renderer
logs, and revising its output accordingly. The fine-tuning strategy that scores highest on its own is not
necessarily the one that leaves a model best able to use that later feedback, and the two are rarely
measured together. Manim is a particularly useful setting for measuring them together because the
renderer returns a clear pass/fail signal and error log with no labelling requirement, and the video that
is ultimately judged is produced by, but distinct from, the code the model writes.

Recent advancements in Parameter-efficient Fine-tuning, notably LoRA [3]] and the quantised variant
QLoRA [4], have enabled the specialisation of sub-30B LLMSs on a single consumer-grade GPU.
Supervised Fine-tuning (SFT) can establish a lexical foundation for the Manim API, while Group
Relative Policy Optimisation (GRPO) [2} 5] can further improve the model through execution-based
reward signals without requiring a separate critic model. How each of these contributes to the code
quality of the generated Manim code, as well as to the visual quality of the video it renders, has not
been systematically examined.

At inference time, iterative self-correction with extrinsic feedback from compilers has been shown to
effectively improve the quality of LLM-generated code [6], and Retrieval-Augmented Generation
(RAG) decreases API hallucinations by incorporating relevant documentation into the prompt context
[7, 8]. Both are forms of adaptation that occur after post-training has finished, using signals the
model has never encountered before. Whether a model optimised against an execution-grounded
reward, such as a vision-based reward, is also better at consuming such signals in context remains
underexplored, except for intrinsic self-correction and compiler feedback in general coding tasks
(9L 10].

Assessing this requires metrics that span both the code and the visual domain. Code metrics such
as CodeBLEU [11] and CodeBERT similarity [[12] focus solely on the generated code, while visual
metrics such as SSIM [13]] and CLIP-based similarity [14] overlook it. The extent to which these two
families agree across post-training and inference strategies is itself an open question, and one that
bears on whether an evaluation protocol remains valid as the deployment setting changes.

This study hypothesises that the fine-tuning strategy determines not only how well a model performs
on its own, but also how much it gains from extrinsic feedback supplied at inference time. To
test this, ManimTrainer, a training pipeline combining SFT and GRPO under a unified code-and-
visual reward, and ManimAgent, an inference pipeline featuring Renderer-in-the-loop (RITL) and
API documentation-augmented RITL (RITL-DOC), are applied to 17 open-source sub-30B LLMs,
producing nine combinations of training and inference strategies. Based on the identified gaps and
the formulated hypothesis above, this work makes four key contributions:

1. A controlled study of how the fine-tuning strategy governs a model’s ability to exploit
environment feedback at inference time, covering 17 models across nine training and
inference types on the full text-to-code-to-video process.

2. A per-model comparison of the interaction with the base model. SFT and GRPO improve
visual quality comparably under vanilla inference, but once feedback is available, GRPO-
trained models consistently lead in the median.

3. Observations on how model size limits both the training and the inference-time gains. Two
limitations related to model size were identified. When models have 4B parameters or fewer,
GRPO offers no additional benefits over SFT, and retrieved API documentation is ineffective
in this range. This is consistent with context saturation.



4. An analysis of the correlation between code and visual metrics across all strategy com-
binations shows that inference-time strategies weaken this correlation while improving
the resulting visual quality, so a code-only metric is least reliable for the best-performing
strategy.

2 Background and Related Work

Post-training for code generation. LLM-based code generation has progressed rapidly from
Codex [15]] to compact models such as Qwen 2.5 Coder [[16] and SeedCoder [[17], which rival much
larger systems on standard benchmarks [18]], although they often underperform on domain-specific
libraries with custom APIs [19,[2]. SFT establishes vocabulary and syntactic foundations but does
not incorporate execution-based feedback [20]], whereas earlier RL approaches, such as PPO [21]] and
DPO [22], require either a separate critic network or preference pairs. GRPO [3] offers a critic-free
alternative suited to non-differentiable execution-based signals, and DeepSeek-R1 demonstrated that
it can significantly improve functional correctness [20]. RL has been shown to improve self-correction
and the use of compiler feedback in general code generation [10, 9]. However, how SFT and RL
interact with renderer feedback in visually grounded settings remains underexplored.

Inference-time enhancements and self-correction. Iterative self-correction approaches such as
Self-Debugging [6], Reflexion [23] and Self-Refine [24] allow LLMs to improve code via in-context
learning, though intrinsic correction yields only marginal gains [25] and extrinsic validation is
significantly more effective [26]. CodeRL [27]], InterCode [28]] and SWE-Agent [29] demonstrate
that more informative error messages lead to faster convergence, and ReLook [30] extends this to
the visual domain with a multimodal critic. RAG can additionally address hallucinated APIs by
injecting relevant documentation into the prompt context [7], although models can struggle with
dense technical APIs and longer contexts [18].

Programmatic animation and its evaluation. While other works generate visuals via HTML or
SVG code [31H33], Manim enables complex animations in a few lines of Python. ManimBench
[2] provides 417 human-reviewed, paired natural-language descriptions and executable Manim
code snippets, and automated pipelines such as Manimator [34], TheoremExplainAgent [35] and
Code2Video [36] generate educational content with mostly closed-source LLMs, the last of these
highlighting the gap between code execution success and the quality of the visual output. On the
measurement side, code-level metrics [11} [12] may penalise Manim snippets that reach a similar
visual output by a different coding pathway [2], while SSIM [37, [13] and CLIP-based similarity [14]
capture visual fidelity that code-level metrics overlook but may reward inefficient code.

An extended discussion on the related work is available in Appendix

3 Method

The pipeline has three stages. SFT first provides the key understanding of the task and adds Manim-
specific knowledge to the LLM at a parametric level. A unified reward R is then formulated by fusing
a code-based text reward R with a visual reward Ry, and is used to fine-tune the LLM via GRPO,
which visually grounds the SFT-trained model. Finally, the inference-time enhancements RITL and
RITL-DOC are applied to the resulting models. Figure[I|gives an overview of ManimTrainer; the
ManimAgent inference pipeline is summarised in Figure 2]

3.1 Reward Function

Let a training instance be (z,y), where z is the formulated prompt, which includes the textual
description and g is the reference Manim code snippet. During the RL training cycle, policy 7y
samples completion ¢ ~ 7y (|z), from which executable Manim code is deterministically extracted
using H:

y=H(o), ey
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Figure 1: Overview of the ManimTrainer pipeline. The pipeline uses a quantised base LLM and
visually grounds it for Manim code generation, using both visual and text reward signals.
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Figure 2: Inference pipeline of the ManimAgent.

where H is a regex-based function that extracts the generated code snippet y, with H(c) = & when
no code can be extracted.

The text reward is based on two code-oriented similarity metrics, CodeBLEU (C-BLEU) and
CodeBERT similarity (C-BERT) [[12], the latter being the cosine similarity of the mean-pooled final
hidden layers of the reference and the generated code. The text reward R is their geometric mean:

R7(y,9) = /C-BLEU(y, ) - C-BERT(y, 3). )

For the visual reward, the comparison between the rendered videos v and © is performed at each frame,
with frames sampled at a fixed rate of 5 frames per second. The sample rate was set empirically,
based on many Manim-generated GIFs that run at 5 FPS. From each video pair, a pair of sets of
grayscale frames (G,G’) is obtained for the Sy, calculation and a pair of sets of RGB frames (/ g )
for the S,e,, calculation.

The SSIM matrix between all elements of G and G is computed as S’ = SSIM(G, G), with

S" € Ry 4, where T and T are the frame counts sampled from v and v respectively. The matrix
is then summarised into two sequences, yielding per-frame best matches for the reference and the
generated video, S/, § = maxr S’ and S’;m = maxy S, which are aligned using DTWyclideans
normalised and mapped to [0, 1]:



DTWcuclidcan(S;env S;ef) ) (3)
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where k£ = 5, making the final metric stricter. The fastDTW [38]] library is used for calculation
efficiency, and the Euclidean distance is used between elements of the two sequences.

For Sserm., each of the two RGB frame sets is encoded with CLIP embeddings and ¢ normalised,
giving a semantic encoding for the generated video £ and the reference video &:

feur(1) i feuw(D)

| feue(D)]]2” a | fere (D)2

where fcpp is the CLIP encoder from the ViT-L/14 [14]] model. DT'W is then computed between £

and & under a custom distance d(e, &) = 1 — (e, &) with e € £ and é € £, normalised and mapped to
[0,1]:

&= “

DTW e (&, é)>

&)

The regex function used by 7 in Equation [I]attempts to find the code wrapped between <CODE> and
</CODE> tags and/or ~~ ~python markdown-based fences. The training prompt was modelled on the
ManimBench study and employed the “System” and “User” roles, as supported by the model’s chat
template. GRPOTrainer from TRL (licensed under Apache 2.0) [39] was used for the optimisation in
the code implementation. The final visual reward is then calculated as a geometric mean:

RV(”) f)) = \/Sssim ('Ua @) - Ssem (Uv r[)) 6)

Unifying the two, and substituting Equation [T} gives

R(.’L‘, Cy ?Q) = ARt [H(C)v y] + ARy [M (H(C)) >M(y)} ) (7

where M (-) denotes the Manim renderer, A7 = 0.2, and Ay, = 0.8. The goal of the RL training
cycle is to ground the model’s knowledge in the visual result, but that result is produced only when
the completion contains valid Manim code, which yields a high-variance reward signal. A portion of
the text similarity had to be introduced to mitigate this, since /R produces a signal for both valid and
invalid Manim code. The weights were set empirically over Ay € {0.0,0.2,0.5}, and the (0.2, 0.8)
pair yielded the most stable results.

3.2 GRPO-based Optimisation

Using R(z, ¢, §), the loss follows Dr. GRPO [40], £(0) = ZZ 1 Z‘C" l; 1, where
liy = min [1;,(0) A; 4, clip(ri1(0),1 — €,1 +€) Ai,t} — BDKL 7o et ] ®)
with r; 1 (8) = mg(ciy | @, i <t)/To,(Cit | T, ¢i,<¢) and the group-relative advantage

Ao R(x4, i, §;) — mean[R(x, ¢, §)]
v sd[R(z, ¢, §)] '

€))

The mean and standard deviation in Equation 0] are computed over G = 8 completions sampled
for each x;, with L ~ 2048 x 0.8, 8 = 0.005 and € = 0.2. GG was selected based on the available
resources and the stability of the training cycle; L was selected after analysing the expected token
lengths of completed examples, and 3 and e follow the recommended values [40]. GRPO is performed
on top of the SFT model to mitigate reward hacking.



3.3 Inference-time Enhancements

Let d represent the textual description of the animation, G the generating LLM, and ManimRender(-)
the ManimCE 0.19.0 (licensed under the MIT License) rendering engine that returns a status s €
{success, fail} together with a renderer error output e. Given initial code ¢; < G(d), RITL
iteratively loops for a maximum of K rounds, transforming (d, ¢, ) ) into improved code ¢y 1 and
re-rendering it. As shown in Algorithm[T]of Appendix [B] the loop terminates either upon a successful
render or when reaching k£ = K. To reduce noise in the formulated prompt, the last ten lines of the
render error log are used, which are sufficient to highlight the actual issue in the code.

RITL-DOC follows a functionally similar approach, but additionally incorporates API documentation
Kk, retrieved via the extracted API call set Aj. The API calls were extracted from the function header
comments in Manim’s Python library files, retaining only the parameter details and omitting the
examples usually found in those comments, so the prompt does not become excessively large. RITL-
DOC thus bypasses the need for an LLM-based or vector-based retriever by extracting API information
directly from the initial code. Both place the model in an interactive execution environment at
inference time, where the renderer returns its signal in context rather than as a training reward.

4 Experimental Setup

The ManimBench [2] dataset was used, as it includes human-written Manim code snippets alongside
natural-language descriptions of the resulting videos and covers all Manim APIs via code examples.
Of its 417 code samples, the official test set of 100 was kept for evaluation, and the remainder was
used for training. Seventeen models of 30B parameters or fewer were selected from the Unsloth
(licensed under Apache 2.0) repository [41]] across the Qwen 3 [42], Qwen 2.5 [16], SeedCoder [17]],
LLaMA 3.1 and 3.2 [43], Mistral 3.2 and Ministral 3 [44] families, based on their BigCodeBench [18]]
performance and availability there. Qwen 3 Coder Next 80B and GPT-4.1 are included as untrained
reference points.

LoRA adapters used rank r» = 8, with scaling a = 2r, targeting the Query, Key, Value, and Output
Projection modules, trained at 16-bit precision with the 8-bit AdamW optimiser, while the base model
remained frozen at 4-bit Unsloth quantisation. Both training cycles used a batch size of 16. SFT ran
for 2 epochs at a learning rate of 2e—6 with a linear schedule, a weight decay of 0.01 and a warmup
ratio of 0.1; GRPO ran on top of the SFT model at a reduced learning rate of 5e—7. All experiments
were conducted on an Ubuntu 24.04 LTS server with 64GB of RAM, an Nvidia RTX 5090 with
32GB of VRAM and 512GB of SSD storage, using ManimCE 0.19.0 and Python 3.12.12.

Results are reported with three composite metrics. Visual Similarity (VS) and CodeBERTBLEU
(CBB) are computed identically to Ry and R in Section and Render Success Rate (RSR)
is the fraction of generated code that successfully renders. The pairwise agreement of the seven
underlying metrics, which also include N-gram Match, Syntax Match and AST Distance, is examined
in Appendix [E] Unless stated otherwise, RITL and RITL-DOC use a single correction round, which
keeps the emphasis on generating Manim code rather than on repairing faulty code.

5 Results and Discussion

5.1 Overall effect of SFT and GRPO under vanilla inference

The study evaluated 17 open-source sub-30B models using three key metrics that collectively capture
their ability to generate Manim code. Table[I|shows that SFT and GRPO consistently improved LLM
performance in terms of RSR and VS, demonstrating the benefit of both fine-tuning strategies. Across
the 17 models, SFT increased VS by a median of 3.3 pp and GRPO by 2.5 pp, while the mean RSR
rose from 38.2% to 41.2% and 40.4%. However, CBB remained relatively similar across all model
families and sizes. This behaviour suggests that, with the given dataset, the models learned to fix
failing code rather than write new code under both SFT and GRPO.

Paired by model, the VS gain from SFT exceeds the CBB gain by a median of 1.8 pp. As a result,
the code metric captures less than half of the improvement shown by the visual metric. Figured]in

2GitHub Repository: https://github.com/SuienS/manim-trainer
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Table 1: Mean Visual Similarity (VS), CodeBERTBLEU (CBB) and Render Success Rate (RSR)
over the 17 fine-tuned models, for every combination of post-training and inference strategy. All
values are percentages. Per-model results are given in Appendix [C|

Inference Visual Similarity CodeBERTBLEU Render Success Rate
Base SFT GRPO Base SFT GRPO Base SFT GRPO

Vanilla 343 376 36.8 52.1 534 53.2 382 412 40.4

RITL 417 4238 442 52.1 542 54.1 46.6 473 48.8

RITL-DOC 434 450 45.5 534 543 542 48.6  49.6 50.2

Appendix [E|shows the same separation. The SFT stage moves mainly along the visual axis, while the
GRPO stage moves models in both directions. During vanilla inference, 7 models performed best
with GRPO, and 9 did so at the SFT stage. Further statistical tests are presented in Appendix

5.2 Effect of post-training on the value of renderer feedback

At each training stage, the importance of renderer execution feedback was examined using RITL
and RITL-DOC. RITL consistently improved both VS and RSR across most models, outperforming
vanilla inference in 47 of the 51 model-and-strategy combinations by a wide margin. Adding retrieved
API documentation on top of RITL produced a slight positive shift of 0.7 to 1.9 pp. The mean values
in Table[T] suggest a monotonic progression from vanilla inference through RITL to RITL-DOC under
all three training strategies. Overall, inference-level strategies deliver greater performance gains than
fine-tuning alone, and RITL-DOC with GRPO emerges as the most effective combination throughout
the table.

More notably, the ordering of the two fine-tuning strategies changes once feedback is available.
Figure [3|reveals a pattern where, overall, SFT slightly outperforms GRPO under vanilla inference,
but GRPO improves and surpasses SFT under RITL and RITL-DOC.
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Mean Visual Similarity
=
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Inference Strategy

Figure 3: Variation of mean Visual Similarity of the fine-tuned models across the inference strategies.
The SFT and GRPO lines cross once a feedback loop is introduced.

This pattern suggests that GRPO-trained models are more receptive to iterative self-correction,
consistent with GRPO training, in which the model is trained to satisfy an external validation that
closely matches how the feedback loop works in RITL. Table 2] presents differences across inference
and training types. Overall, RITL and RITL-DOC have a stronger effect on base and GRPO-trained
models, but the effect is less pronounced for SFT models relative to their respective baselines, as
Figures [7]and [8]of Appendix [E|show from either side.

5.3 Limits on fine-tuning and adaptation from parameter count and context capacity

The findings in Tables [1| and E] indicate that VS improved consistently with SFT, GRPO, or both,
across all model sizes. However, the percentage improvement declined as parameter count increased,
and CBB remained essentially unchanged across size bands, while VS and RSR expanded, as Figures



Table 2: Median paired pp difference in Visual Similarity between post-training strategies, within
each inference type, and the interaction against vanilla inference. Each interaction entry is the median,
across models, of the per-model change in that difference. Further statistics are given in Appendix @}

C Within inference type Interaction vs. vanilla
ontrast

Vanilla RITL RITL-DOC RITL RITL-DOC
SFT — Base +3.3 +1.5 +2.9 -1.7(p=0.021) -1.1(p=0.28)
GRPO — Base  +2.5 +2.7 +2.8 —01(p=090) —-09(p=0.83)
GRPO — SFT —-0.8 +1.3 +0.8 +2.1(p=0.028) +0.9 (p =0.27)

[land[6]in Appendix [E]illustrate. For example, the Qwen 2.5 Coder 7B, Ministral 3 8B, and Qwen 3
8B models demonstrated notable improvements with SFT or GRPO, respectively, increasing their
Base VS from 42.0, 34.5, and 29.7 to 50.8, 40.8, and 36.4. However, performance gains for models
larger than 14B were comparatively smaller. This is consistent with scaling arguments, such as those
in [45]], which note that larger models require proportionally larger training datasets to improve.
Across families, the 7B-8B range emerges as an efficiency sweet spot. SeedCoder 8B, with only 8B
parameters, delivers the best vanilla performance among all 17, with 64.8% VS and 72% RSR under
GRPO, surpassing even the newer Qwen 3 Coder Next 80B MoE model.

At the other end of the range, these trends suggest a capacity threshold for the RL training cycle.
For the seven models with 4B parameters or fewer, SFT leads GRPO under vanilla inference by a
median of 3.1 pp. GRPO appears to benefit models that already possess sufficient task competence
after SFT, whereas smaller models (<4B) may struggle to generate informative samples during RL
optimisation.

Retrieved API documentation stops benefiting in the same size range. Moving from RITL to RITL-
DOC, the ten models at 7B and above gain a median of 3.4 pp of VS, while the seven models at 4B
and below lose a median of 1.2 pp. A likely explanation is context saturation, since RITL-DOC can
consume most of the available context length, with dense API information overwhelming the smaller
models. Retrieved documentation is therefore evidently useful when the model has enough context
capacity to absorb it, which is roughly the same capacity that GRPO appears to need.

The best configuration reached in these experiments is Qwen 3 Coder 30B with GRPO under RITL-
DOC, which achieved 83.0% VS and 92% RSR after a single correction round, using a model with
only 3B active parameters out of 30B total. With three correction attempts, it reached 85.7% VS and
94% RSR, compared with 82.8% VS and 94% RSR for GPT-4.1 under the same budget, as shown
in Figure 0] of Appendix [E] The additional attempts consistently improved VS and RSR across all
three training strategies, with larger gains under GRPO. However, for the Base and SFT variants, the
additional correction loops tended to lower CodeBERTBLEU, suggesting that they encourage the
model to apply fixes to the initial code, which may not be the ideal way to generate the specific code
for the given prompt.

5.4 Agreement between code and visual metrics across regimes

Investigating the relationship between VS and CBB, Table [3|presents the rank correlations between
the two composite metrics for every combination of training and inference strategies. The strongest
correlation appears with GRPO under vanilla inference, with Spearman’s p at 0.919 and Kendall’s 7
at 0.809. Under vanilla inference, agreement strengthens monotonically along the training pipeline,
from 0.689 at Base to 0.833 after SFT and 0.919 after GRPO, suggesting that grounding the policy
in execution brings the code the model writes and the video it renders closer together. However, a
notable trend emerges when inference-time strategies are introduced, resulting in consistently lower
correlation scores, with RITL-DOC dropping to 0.694 for SFT and 0.701 for GRPO. The same pattern
appears when grouping by inference strategy, where vanilla inference yields the highest correlation
regardless of training strategy.

These results highlight a notable practical phenomenon: while the generated code aligns better with
visual quality under SFT and GRPO, the inference-level enhancements prevent that correlation from
holding. Instead, they produce code that differs from the expected but still renders videos close
to the anticipated output, which can be seen as the models fixing broken code with innovative but



Table 3: Rank correlations between Visual Similarity and CodeBERTBLEU for every combination of
post-training and inference strategy, alongside the grouped analyses

Grouping Category Spearman’s p Kendall’s7 n
Base 0.689 0.559 17
SFT 0.833 0.676 17
GRPO 0.919 0.809 17
Base+RITL 0.696 0.544 17
Post-training x Inference = SFT+RITL 0.799 0.603 17
GRPO+RITL 0.713 0.559 17
Base+RITL-DOC 0.743 0.559 17
SFT+RITL-DOC 0.694 0.544 17
GRPO+RITL-DOC 0.701 0.574 17
Base 0.703 0.527 51
Post-training strategy SFT 0.791 0.605 51
GRPO 0.772 0.619 51
Vanilla 0.817 0.648 51
Inference strategy RITL 0.729 0.553 51
RITL-DOC 0.706 0.534 51

suboptimal methods. Figure[T0]in Appendix [E]also shows weak, negative correlations (as expected
for a distance) between the AST distance and other metrics, suggesting that it is unreliable for the
Manim code generation evaluation. One plausible reason could be Manim’s object-oriented scene
structure, which remains relatively consistent across all Manim scripts. A qualitative analysis of the
models is presented in Appendix [F]

6 Limitations and Broader Impact

Internal validity: Hyperparameter selection was conducted empirically and kept consistent across
all models, and tuning tailored to individual models may produce different outcomes. All models
used LoRA adapters over 4-bit quantised bases, which could introduce quantisation effects varying
across models and families. Each configuration was decoded once, so the per-model scores carry no
run-to-run error bars, and the claims from Section[5.2] onward are consequently stated as paired tests
across the 17 models rather than as differences between individual runs.

External validity: The experiments use ManimBench (licensed under CC-BY-NC-SA 4.0). While it
covers the entire Manim API, it does not include samples that generate longer, script-based videos,
so the conclusions pertain to the fundamental capabilities of LLMs for Manim code generation. The
findings are specific to ManimCE 0.19.0, and full-precision models might achieve better performance
at the cost of increased compute.

Construct validity: The scores are based on a reference code that is expert-written and drawn from
Manim’s official documentation, which may penalise generated videos that are high-quality and
visually relevant to the description but differ from the reference. The error logs used in RITL were
truncated to the last ten lines to reduce noise in the model context, which may occasionally cut
relevant diagnostic information.

Broader impact: The pipeline lowers the cost of producing programmatic animations by using
compact open models on a single consumer GPU rather than large proprietary systems. The same
property makes it easy to mass-produce plausible-looking explanatory videos whose content is
incorrect, since a video that renders successfully and resembles a reference is not necessarily accurate;
therefore, any deployment that presents generated animations to parties such as students should keep
a human in the loop for factual review. No personal or human-subject data was used in this study.

7 Conclusion and Future Work

This paper presents ManimTrainer and ManimAgent, which together offer an end-to-end framework
for training and deploying sub-30B LLMs to generate Manim programmatic animations. It offers
a comprehensive analysis of the interaction between training strategies and inference strategies for
this task, using 17 open-source LL.Ms ranging from 0.5B to 30B parameters. It further examines
how the choice of fine-tuning strategy affects the model’s ability to use extrinsic feedback provided



at inference time. The results showed that both SFT and GRPO fine-tuning consistently improved
the LLMs’ Manim code generation performance. However, CBB remained relatively unchanged.
LLMs with around 8B parameters demonstrated well-balanced performance in terms of accuracy and
efficiency, with the SeedCoder 8B model, trained with GRPO, outperforming the much larger Qwen
3 Coder Next 80B base model.

Inference-time enhancement strategies achieved even greater performance gains than mere fine-tuning.
Notably, GRPO models led SFT and base models in the median under both RITL and RITL-DOC
with render feedback, a consistent direction that does not reach significance at this sample size. The
top overall results of 85.7% VS and 94% RSR were achieved by the Qwen 3 Coder 30B model with
GRPO under RITL-DOC, utilising three RITL loops, surpassing the baseline GPT-4.1 model by 2.9
pp in VS at an equal RSR. Further analysis indicated that under vanilla inference, the code-visual
metric correlation increased as the training pipeline progressed from base to SFT, then from SFT to
GRPO, but consistently decreased when inference-level enhancements were introduced.

As future work, this work can be expanded in several directions. First, integrating a multimodal
critic that provides natural-language feedback on rendered videos could further address visual defects
and inconsistencies. The rule-based API retrieval in RITL-DOC can also be improved by using a
learned retriever model, which would benefit the smaller models that currently struggle with longer,
noisier contexts. The same pipeline could then be evaluated across successive Manim releases, using
multiple seeds, to test whether the quantities examined here remain stable as the environment evolves.
Finally, the ManimTrainer and ManimAgent frameworks could be adapted to other programmatic
animation-generation domains with minimal development effort, such as HTML/CSS, SVG-based
animation, and TikZ and XML-based diagram generation.
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A Extended Related Work

SFT and RL for LLM-based code generation. LLM-based code generation has progressed rapidly
from Codex [15] to recent compact models such as Qwen 2.5 Coder [16]] and SeedCoder [17], which
rival much larger systems on standard benchmarks [18]. However, these models often underperform
on domain-specific libraries with custom APIs [19} 2]]. While SFT establishes vocabulary and
syntactic foundations for code generation, it does not incorporate execution-based feedback [20].
Reinforcement learning addresses this gap, but earlier approaches such as PPO [21]] and DPO [22]]
require a separate critic network or preference pairs. Group Relative Policy Optimisation [S]] addresses
this by offering a critic-free alternative suited to code generation, where outputs are evaluated using
non-differentiable execution-based signals. While DeepSeek-R1 demonstrated that GRPO can
significantly improve functional correctness [20], the interaction between SFT- and GRPO-trained
models with inference-time enhancement strategies remains underexplored.

Inference-time enhancements and self-correction. Iterative self-correction approaches such as
Self-Debugging [6], Reflexion [23]], and Self-Refine [[24] allow LLMs to improve code via in-context
learning, though systematic evaluations show intrinsic correction yields only marginal gains [25]
and extrinsic validation is significantly more effective [26]]. Extrinsic feedback from compilers,
interpreters and renderers can significantly improve the self-correction capabilities of LLMs. CodeRL
[27], InterCode [28]], and SWE-Agent [29] demonstrate that more informative error messages lead to
faster convergence [|6]. ReLook [30] extends this to the visual domain, using a multimodal LLM-
based critic to detect defects that execution logs cannot surface. Supplementing self-correction loops,
Retrieval-Augmented Generation can address text-based errors, such as hallucinated APIs and their
parameters, by injecting relevant documentation into the prompt context [[7]. While RAG consistently
reduces hallucinations, models can struggle with dense technical APIs and longer contexts [8]]. The
interaction between API information augmentation, iterative execution, and renderer-based refinement
loops, however, remains largely underexplored.

Programmatic animation generation via LLMs. When combined with the code-generation
capabilities of LLMs, libraries such as Manim [[1] offer a more efficient and precise alternative for
generating animations. While other works generate visuals via HTML or SVG code [31H33]], Manim
enables complex animations in a few lines of Python. However, it requires spatial reasoning about
3D coordinates, temporal sequencing of animations, and knowledge of a specialised API that is
not well represented in general pre-training corpora. ManimBench [2]] addresses the need for a
domain-specific evaluation benchmark for Manim by providing a dataset of 417 human-reviewed,
paired natural-language descriptions and executable Manim code snippets. Automated pipelines such
as Manimator [34] and TheoremExplainAgent [35] employ multi-stage processes to generate code for
visualising educational and academic content, primarily using commercial, API-based, closed-source
LLMs. Code2Video [36] further explores this multi-stage process, highlighting the gap between code
execution success and the quality of the visual outputs.

Evaluating LLM-generated code and its visual output. Code-level metrics such as CodeBLEU
[11] and CodeBERT similarity [12] evaluate the structure of generated code, but may penalise Manim
snippets that produce similar visual outputs via different coding pathways [2]]. Visual metrics such
as the Structural Similarity Index [37, [13]] and CLIP-based [[14] semantic similarity can evaluate the
quality of rendered outputs against reference frames, capturing visual fidelity that code-level metrics
overlook. Conversely, relying solely on visual metrics may reward inefficient code. This necessitates
combining both metric families and extending evaluation to the temporal dimension of video.
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B Renderer-in-the-loop Procedure

Algorithm [I] states the inference-time loop of Section [3.3] RITL and RITL-DOC differ only in
whether retrieved API documentation is added to the correction prompt.

Algorithm 1 Renderer-in-the-loop generation, with optional retrieved API documentation

Require: Textual description d, maximum RITL rounds K, generating LLM G, Manim API knowl-

edge base D
Ensure: Generated Manim code ¢, render status s
1: ¢1 < G(d) > Initial code generation
2: 81,€e1 + ManimRender(c;) > Render and capture status/errors

3: for k =1to K do

4 if s, = success then

5: break

6: end if

7: if RITL-DOC then

8 Ay, + ExtractAPICalls(cy) > Identify Manim API calls in code
9: K1, < RetrieveDocs(Ag, D) > Relevant API documentation
10: D BuildPromptRITL_Doc(d, Ck, €k, ’Ck)

11: else

12: p + BuildPromptgryry(d, ¢, ex) > Prompt with renderer output
13: end if

14: ck+1 < G(p) > Regenerate code
15: Sk+1,€k+1 < ManimRender(cy1)

16: end for

17: returnc, s

C Per-model Results

Tables ] [5]and [6] provide the complete per-model evaluation under vanilla, RITL, and RITL-DOC
inference, respectively. Table 3| presents the full correlation breakdown discussed in Section [5.4]

Table 4: Evaluation summary of all the fine-tuned models under vanilla inferencing. The scores
present the percentage visual and code similarity values under the VS and CBB columns, and the
percentage of generated samples successfully rendered under Render Success Rate.

Model Visual Similarity CodeBERTBLEU Render Success Rate
Base SFT GRPO Base SFT GRPO Base SFT GRPO

Qwen 2.5 0.5B 6.3 10.9 11.6 36.4 403 41.3 7.0 12.0 13.0
LLaMA 3.2 1B 6.4 11.8 8.7 40.8  44.6 39.9 7.0 13.0 10.0
LLaMA 3.2 3B 12.8 16.1 10.7 52.5 510 51.0 14.0 18.0 12.0
Ministral 3 3B 15.9 19.4 20.9 529 543 53.6 18.0 22.0 23.0
Qwen 2.5 Coder 3B 30.8 35.8 324 545 548 54.4 340 390 36.0
Qwen 3 4B 263 284 28.4 543 540 53.9 29.0 310 31.0
Qwen 2.5 Coder 1.5B 238 24.1 20.6 50.6 525 52.7 27.0 270 23.0
Qwen 2.5 Coder 7B 420 508 48.4 552 543 55.5 46.0 55.0 53.0
Meta LLaMA 3.1 8B 29.7  30.0 30.1 544 544 54.3 33.0 33.0 33.0
Ministral 3 8B 345  40.8 40.0 514  56.8 56.7 40.0 440 43.0
Qwen 3 8B 29.7 344 36.4 564 552 54.4 33.0 38.0 40.0
SeedCoder 8B 60.3  62.3 64.8 577  58.0 57.8 67.0  69.0 72.0
Ministral 3 14B 399 427 44.6 4777 544 54.5 45.0  46.0 48.0
Qwen 2.5 Coder 14B 52.0 54.8 51.8 56.9  57.1 57.1 57.0  60.0 57.0
Qwen 3 14B 57.1 58.3 54.6 56.2  55.6 56.6 64.0 65.0 60.0
Mistral Small 3.2 24B 559 549 59.4 552 56.8 56.7 63.0 59.0 64.0
Qwen 3 Coder 30B (A3B) 59.2  63.2 61.7 53.2 545 54.6 66.0 70.0 68.0
Qwen 3 Coder Next 80B 63.7 - - 54.6 - - 72.0 - -

OpenAl GPT-4.1 68.6 - - 55.9 - - 77.0 - -
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Table 5: Evaluation summary of all the fine-tuned models under RITL inference.

Model (with RITL) Visual Similarity CodeBERTBLEU Render Success Rate
Base SFT GRPO Base SFT GRPO Base SFT GRPO

Qwen 2.5 0.5B 8.1 11.3 124 46.2  45.1 44.5 9.0 13.0 14.0
LLaMA 3.2 1B 9.7 10.8 124 493 476 47.7 11.0 12.0 14.0
LLaMA 3.2 3B 14.3 15.8 17.2 532 536 53.5 16.0 18.0 19.0
Ministral 3 3B 21.2 19.4 24.4 284 534 55.2 240 220 27.0
Qwen 2.5 Coder 3B 340 36.8 35.5 547 539 54.8 38.0 40.0 39.0
Qwen 3 4B 335 358 29.8 546 548 53.7 37.0  40.0 33.0
Qwen 2.5 Coder 1.5B 240 228 25.2 514 513 52.2 27.0  26.0 29.0
Qwen 2.5 Coder 7B 61.0 58.0 58.8 546  55.6 54.9 66.0 63.0 64.0
Meta LLaMA 3.1 8B 34.1 31.3 39.8 545 55.0 54.7 39.0 37.0 45.0
Ministral 3 8B 459 473 48.0 52.0 569 56.1 53.0 51.0 52.0
Qwen 3 8B 37.0 404 47.3 56.2 559 56.6 41.0 440 53.0
SeedCoder 8B 66.4  68.4 69.2 57.5 579 57.8 74.0  76.0 77.0
Ministral 3 14B 499 559 57.8 522 558 55.9 56.0 61.0 63.0
Qwen 2.5 Coder 14B 652  69.0 66.1 57.0 57.1 56.8 720 77.0 72.0
Qwen 3 14B 67.8  62.7 64.0 56.3  55.8 55.4 76.0  69.0 71.0
Mistral Small 3.2 24B 63.1 60.4 63.4 55.1 57.2 56.4 71.0  65.0 68.0
Qwen 3 Coder 30B (A3B) 745  82.2 80.6 533 548 54.1 83.0 90.0 89.0
Qwen 3 Coder Next 80B 72.6 - - 53.9 - - 82.0 - -

OpenAl GPT-4.1 76.9 - - 56.2 - - 86.0 - -

Table 6: Evaluation summary of all the fine-tuned models under RITL-DOC inference.

Model (RITL-DOC) Visual Similarity CodeBERTBLEU Render Success Rate
Base SFT GRPO Base SFT GRPO Base SFT GRPO

Qwen 2.5 0.5B 8.8 7.2 8.8 495 484 50.0 10.0 8.0 10.0
LLaMA 3.2 1B 10.0 9.2 10.0 48.7 477 45.8 11.0 100 11.0
LLaMA 3.2 3B 14.3 12.6 20.5 51.5 523 51.2 16.0 140 23.0
Ministral 3 3B 20.7 314 30.5 47,6  56.0 554 240 350 34.0
Qwen 2.5 Coder 3B 36.2  40.1 30.6 544 545 54.7 40.0 440 34.0
Qwen 3 4B 252 319 30.2 550 543 54.1 28.0 350 33.0
Qwen 2.5 Coder 1.5B 23.0 24.7 20.4 51.6  50.8 51.7 26.0 28.0 23.0
Qwen 2.5 Coder 7B 60.6 63.5 64.9 54.8 55.0 55.1 66.0 69.0 71.0
Meta LLaMA 3.1 8B 389 402 41.2 545 543 54.3 440 450 46.0
Ministral 3 8B 50.2 554 54.6 523 572 56.9 58.0  60.0 59.0
Qwen 3 8B 514 415 474 56.5 554 55.7 58.0 47.0 52.0
SeedCoder 8B 65.6  69.2 69.2 573 575 57.4 73.0 77.0 77.0
Ministral 3 14B 56.8  59.7 59.6 525 559 56.2 64.0  65.0 65.0
Qwen 2.5 Coder 14B 66.0  66.4 67.1 56.6  56.9 56.9 73.0  73.0 74.0
Qwen 3 14B 63.6  68.7 71.0 56.5 557 55.9 71.0  76.0 79.0
Mistral Small 3.2 24B 68.4  63.2 64.5 553 573 56.6 77.0  69.0 70.0
Qwen 3 Coder 30B (A3B) 717  80.8 83.0 53.5 544 53.7 87.0 89.0 92.0
Qwen 3 Coder 30B (A3B) (@3) 79.2  82.6 85.7 53.1 53.7 54.2 89.0 92.0 94.0
Qwen 3 Coder Next 80B 73.9 - - 54.1 - - 85.0 - -

OpenAl GPT-4.1 81.9 - - 56.6 - - 92.0 - -

OpenAl GPT-4.1 (@3) 82.8 - - 56.1 - - 94.0 - -

D Statistical Tests

Table [ shows further statistical significance tests conducted on the experiment results.

E Additional Figures
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Table 7: Mean Visual Similarity of the 17 fine-tuned models across all combinations of post-training

and inference strategies.

Base SFT GRPO

Base SFT GRPO
RITL RITL RITL RITL-D. RITL-D. RITL-D.

Base

SFT

GRPO

[Mean] 343 37.6 36.8 41.7 42.8 442

434

45.0

45.5

Table 8: Exact two-sided Wilcoxon signed-rank tests, paired across 17 models. n counts the non-zero
differences used in the test, the median is over all 17 paired differences in percentage points, and +/—
indicates the sign split of the non-zero differences. Holm adjustment is within the family indicated by
the block. In the interaction rows, A,. denotes the stated difference measured within inference regime

r.
Family Comparison n Median +/— p  Holm
VS: SFT vs. Base 17 +3.3 16/1  <0.0001 0.0007
VS: GRPO vs. SFT 16 —0.8 7/9 0.2363  0.6780
VS: GRPO vs. Base 17 +2.5 13/4 0.0075  0.0526
CBB: SFT vs. Base 16 +0.3 11/5 0.0575 0.2875
Training stages, Vanilla CBB: GRPO vs. SFT 15 -0.1 6/9 0.7291  0.7291
CBB: GRPO vs. Base 17 +0.3 11/6 0.1290  0.5159
RSR: SFT vs. Base 15 +4.0 14/1 0.0013  0.0107
RSR: GRPO vs. SFT 15 -1.0 6/9 0.2260  0.6780
RSR: GRPO vs. Base 15 +2.0 12/3 0.0308 0.1846
RITL vs. Vanilla, Base 17 +7.2 17/0  <0.0001  0.0001
RITL-DOC vs. Vanilla, Base 17 +6.5 152  <0.0001 0.0005
RITL-DOC vs. RITL, Base 16 +0.7  10/6 0.1973  0.3971
RITL vs. Vanilla, SFT 16 +5.5 13/3 0.0013  0.0051
Renderer Execution feedback (VS) RITL-DOC vs. Vanilla, SFT 17 +8.3 14/3 0.0007 0.0035
RITL-DOC vs. RITL, SFT 17 +1.9 11/6 0.1324 0.3971
RITL vs. Vanilla, GRPO 17 +6.5 17/0  <0.0001  0.0001
RITL-DOC vs. Vanilla, GRPO 17 +9.8 14/3 0.0005 0.0032
RITL-DOC vs. RITL, GRPO 16 +1.1 12/4 0.1631 0.3971
Vanilla 16 -0.8 7/9 0.2363  0.4726
GRPO/SFT ordering (VS) RITL 17 +1.3 13/4 0.0957 0.2871
RITL-DOC 16 +0.8 10/6 0.3289  0.4726
ARITL — Avanilla: SFT—Base 16 1.7  4/12 0.0214 0.1284
AR-DOC — AVanilla: SFT*B&SE 17 —1.1 7/10 02786 10000
. ARiTL — Avanila: GRPO—Base 17 -0.1 8/9 0.8990  1.0000
Interactions (VS) Arpoc — Avaniia: GRPO—Base 17 —0.9 89  0.8267 1.0000
ARiTL — Avanitla: GRPO—SFT 16 +2.1 12/4 0.0278  0.1392
Agr-poc — Avanila: GRPO—SFT 16 +0.9 9/7 0.2687  1.0000
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Figure 4: Behaviour of the CodeBERTBLEU score against Visual Similarity during the training
cycles. Movement over the SFT stage is predominantly horizontal, along the VS axis, whereas the
GRPO stage moves models in either direction and shifts neither metric detectably in aggregate. The
figure also highlights the unpredictability of smaller models during training.
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Figure 5: CodeBERTBLEU, Visual Similarity, and Render Success Rate of the models grouped by
size category. CBB remains relatively unchanged across the groups, while the VS and RSR regions
expand.
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Figure 6: Scaling behaviour of Visual Similarity in the fine-tuned LLMs. The improvement obtained
from post-training decreases as the parameter count increases, with the 7B-8B range emerging as an
efficiency sweet spot.
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Vanilla Inference Renderer in the loop (RITL) RITL-DOC

LLaMA321B- 0.0 36.2 0.0 11.0 27.4 0.0 82 04
LLaMA323B- 0.0 255 -16.4 0.0 10.2 19.8 0.0 417 433
Ministral 338~ 0.0 21.8 31.3 0.0 -8.8 14.8 0.0 —
Qwen 2.5 Coder3B- 0.0 16.2 55 0.0 8.2 45 0.0 10.7 15.7 60 o
Qwen34B- 0.0 7.8 7.9 0.0 6.9 il 0.0 26.9 20.0 3
Qwen 2.5 Coder 1.5B- 0.0 1.6 13.4 0.0 5.0 5.3 0.0 7.5 1.4 ‘E
Qwen 2.5 Coder 7B- 0.0 21.0 15.2 0.0 4.9 87 0.0 48 7.1 " g
% Meta LLaMA318B- 0.0 1.0 14 0.0 8.2 16.7 0.0 3.4 6.0 5
s Ministral 38B- 0.0 182 15.8 0.0 2.9 45 0.0 10.3 8.7 s
Qwen38B- 0.0 15.7 22.7 0.0 95 27.9 0.0 19.2 757 g
Seed Coder 8B- 0.0 34 7.5 0.0 2.9 43 0.0 5.5 55 208
Ministral 3 14B- 0.0 6.9 116 0.0 12.0 16.0 0.0 5.1 49 é
Qwen 2.5 Coder 14B- 0.0 5.5 0.3 0.0 5.7 14 0.0 07 17 2
Qwen314B- 0.0 2.0 44 0.0 7.4 5.5 0.0 8.1 117 o
Mistral Small 3.2 24B- 0.0 1.8 6.2 0.0 43 0.4 0.0 77 5.7
Qwen 3 Coder 30B- 0.0 6.7 42 0.0 10.4 8.3 0.0 3.9 6.8
Mean- 0.0 183 12.7 0.0 48 10.9 0.0 43 7.2
B;se Sl‘:T GR‘PO Ba‘se Sﬁ GR‘PD B;se Sl‘:T GR‘PO

Training Method

Figure 7: Effect of the post-training strategy on visual similarity, grouped by inference strategy,
relative to the base model in each group. The impact of the post-training strategy is particularly
significant for smaller models across all inference methods, and more pronounced under vanilla
inference than under RITL and RITL-DOC.

Base Models SFT Models GRPO Models
Qwen25058- 0.0 28.9 410 0.0 40 33.6 0.0 74 235
LLaMA321B- 0.0 _ 0.0 8.7 22.5 0.0 125 15.3 80
LLaMA323B- 0.0 1.4 11.4 0.0 Al 215 0.0
Ministral 338~ 0.0 335 304 0.0 0.0 0.0 16.7 6.1
Qwen2.5Coder3B- 0.0 104 177 0.0 2.8 12.1 0.0 94 5.9 o 2
Qwen34B- 0.0 275 44 0.0 26.5 126 0.0 5.1 6.3 &
Qwen25Coder 15B- 0.0 0.8 31 0.0 5.7 25 0.0 o 0.8 En
Qwen2.5Coder 7B~ 0.0 452 43 0.0 141 249 0.0 215 341 10 B
T MelLLaMA318B- 00 149 31.0 0.0 45 342 0.0 323 37.0 i
s Ministral 388~ 0.0 33.0 453 0.0 15.8 356 0.0 20.1 36.4 2
Qwen38B- 0.0 245 0.0 17.8 20.8 0.0 29.7 30.1 20 E
Seed Coder 8B~ 0.0 102 8.9 0.0 9.7 1.1 0.0 6.9 6.8 §
Ministral 314B- 0.0 249 422 0.0 30.9 39.8 0.0 208 337 £
Qwen2.5 Coder 14B- 0.0 255 26.9 0.0 25.8 212 0.0 27.7 295 [° ;E
Qwen3 14B- 0.0 186 113 0.0 7.7 17.9 0.0 17.3 30.1
Mistral Small 3224B- 0.0 129 224 0.0 10.0 15.0 0.0 6.7 8.6
Qwen3 Coder 30B- 0.0 258 313 0.0 30.0 27.8 0.0 30.7 346 [ %
Mean- 0.0 235 286 0.0 10.8 153 0.0 227 24.1
Vanilla RITL RITL-DOC Vanilla RITL RITL'DOC Vanilla RITL RITL-DOC

Inference Strategy

Figure 8: Effect of the inference strategy on visual similarity, grouped by post-training strategy,
relative to vanilla inference in each group. RITL and RITL-DOC have a stronger impact on models
trained with Base and GRPO, and are less pronounced for SFT models. Smaller models decline under
RITL and RITL-DOC when trained with SFT, but improve under GRPO.
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Figure 10: Spearman rank correlation between evaluation metrics, calculated for each model under
all combinations of inference and post-training strategy. Within each metric category, the correlation
is stronger, as anticipated, while the cross-family correlations between code and visual metrics are
relatively weaker. AST Distance weaker correlation with any other metric.
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F Qualitative Case Studies

Best cases.  Figure[[T|shows two examples where GRPO fine-tuning improved the generated Manim
code. The Qwen 3 Coder 30B example illustrates that the base model hallucinated API parameters,
whereas GRPO guided the model to keep the default parameter value, as in the expected code.
Similarly, in the Ministral 3 8B example, the base model hallucinates a built-in function when it is
not even needed to create the scene described by the prompt. The GRPO model recognises this and
produces code very similar to the reference code.

Prompt: Display a 3D twelve-faced polyhedrol din
the scene. The camera is angled at 75° vertically and 30° horizontally to provide a - - - -
clear, tilted view of the shape, showcasing its three-dimensional structure. Prompt: Display a 3D scene with a coordinate axis system and a torus (doughnut-
shaped surface) centered in the scene. The camera is angled from above and
BASE: Qwen 3 Coder 30B _ slightly to the side to provide a clear view of the torus's circular structure.
Visual Similarity: 0.0 CodeBERTBLEU: 0.477 | Render: FAIL BASE: Ministral 3 8B
TypeError: Polyhedron. _init () got an unexpected Keyword argument - ——
Ui ety Visual Similarity: 0.0 CodeBERTBLEU: 0.526 | Render: FAIL

AttributeError: 'Torus3Dscene' object has no attribute

from manim import *
'enable_camera_zoom'

class DodecahedronScene(Scene):

def construct(self): from manim import *

reate a 3D dodecahedron import numpy as np
"°”e$iﬁ"£‘;25;t35"e§"‘““’°”‘ class Torus3DScene(ThreeDScene):
fill color=BLUE, def construct(self):
stroke width=2, # Set up the 3D camera .
stroke color=WHITE self.set camera orientation(phi=75 * DEGREES, theta=30 * DEGREES)
- self.enable camera zoom(False)
# Create coordinate axes
# Position the dodecahedron at the center of the scene
dodecahedron.move to(ORIGIN) axes = ThreeDAxes (
x_length=5
# Set camera angles y,lenggnfg,
self.camera.angle z = 30 * DEGREES Z tengthes:
=75 % =
self.camera.angle y = 75 * DEGREES colors mn;lg freotor: RED)')
# Add the dodecahedron to the scene y_axis_config={"color": GREEN},
self.add(dodecahedron) z_axis_config={"color": BLUE}

)
# Hold the view self.add(axes)
(1

self.wait(1) # Create a torus (doughnut shape)

p
theta = np, Linspace(6, 2 * np.pi, 100)

1 phi = np.linspace(6, 2 * np.pi, 160)
Fheta, "bhi = hp.meshgrid(theta, phi)

GRPO: Qwen 3 Coder 30B
Visual Similarity: 1.0 CodeBERTBLEU: 0.792 | Render: PASS

from manim import *

# Parametric equatluns for a torus
2.5 # Major radi

18 "# Winor radius

# ..

R
r
X . (28 more lines)

class DodecahedronScene(ThreeDScene) :
def construct(self):
#

te .
Self.set camera orientation(phi=75 * DEGREES, theta=30 * DEGREES) GRPO: Ministral 3 8B
# Create a dodecahedron Visual Similarity: 1.0 [ CodeBERTBLEU: 0.903 | Render: PASS

dodecahedron = Dodecahedron()

from manim import *

# Add the dodecahedron to the scene class Torus3D(ThreeDScene):

self.add(dodecahedron) def construct(self):

axes = ThreeDAxeS()
. : = Torus()
# Optional: Add a background plane for better visualization torus
# background plane = NumberPlane() Se{; adg(axes o S)t t hi=75 * DEGREES, theta=30 * DEGREES
# backa add(backgmund plane) self.set camera orientation(phi= , theta=: )

Reference Code Reference Code

- from manim import *
from manim import *
class ExampleTorus (ThreeDScene) :
class Dodecahedronscene (ThreebScene): def construct(self):
d

e s Tt aetn) orientation(phi=75 * DEGREES, theta=30 * DEGREES) Taus _WQ?EAT““
obj = Dodecahedron() self.set camera_orientation(phi=75 * DEGREES, theta=30 * DEGREES)
self.add(obj) self.add(axes, Torus)
(a) GRPO outperforming the base version of the (b) GRPO outperforming the base version of the
Qwen 3 Coder 30B model. Ministral 3 8B model.

Figure 11: Best case: the fine-tuned model surpasses the base model.

Worst cases. Figure [I2]illustrates failure cases where GRPO has caused the degradation of the
performance of a base model. One similarity between these two examples is that both are from
much smaller models with fewer than 8B parameters. The examples show that the increased spatial
awareness of GRPO models has led them to hallucinate functions and API parameters that position
visual elements in the required positions.

Rescue cases. The examples in Figure [I13] demonstrate cases where inference-level strategies
corrected erroneous code. The left figure illustrates an instance of RITL-DOC fixing a hallucinated
API parameter with the correct one using Qwen 3 Coder 30B. The right figure depicts the same model
learning to correctly utilise the Manim API by employing the visual shapes available out of the box
rather than attempting to recreate them.

Outlier cases. Figure[I4]shows an outlier where a smaller Ministral 3 8B SFT model successfully
generated error-free Manim code when the much larger Mistral Small 3.2 24B model failed. However,
as seen in the figure, this is because the model tried to be precise about the visual object’s parameters
with hallucinated API parameters.

Visual examples. Figure|15|shows a few selected visual examples where the training iterations
have increased the visual quality and the accuracy of the generated videos.
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[ Prompt: Display the text "RED COLOR" in red at the center of the screen. ]

BASE: LLaMA 3.2 3B
Visual Similarity: 1.0 | CodeBERTBLEU: 0.810 | Render: PASS

from manim import *

class RedText(Scene)
def cuns(ruct
Text(”RED COLOR", color=RED)
self add(text center())

GRPO: LLaMA 3.2 3B
Visual Similarity: 0.0 | CodeBERTBLEU: 0.810 | Render: FAIL

/AttributeError: Text object has no attribute 'centered'

from manim import *

class RedText(Scer\e)
def construct( 1f)

ext("RED COLOR", color=RED)

self add(text.centered())

Reference Code

from manim import *

class SimpleColor(Scene):
def construct(self):
col = Text(”RED COLOR", color=RED)
self add (ct

(a) GRPO underperforming the base version of the

LLaMA 3.2 3B model.

( Prompt: Display the text "RED COLOR" in red at the center of the screen. j

BASE: Qwen 2.5 Coder 7B
Visual Similarity: 1.0 | CodeBERTBLEU: 0.812 |Render: PASS

from manim import *

class RedTextScene(S(Ene)
def construct(self):
text = Text( RED COLOR", color=RED)
self.add(te;
self. wa)t(Z)

GRPO: Qwen 2.5 Coder 7B
Visual Similarity: 0.0 | CodeBERTBLEU: 0.797 | Render: FAIL

AttributeError: Text object has no attribute 'to_center'

from manim import *
class stplayRedText(Scene)

f construct(se’
text = TexN Rl(El)) COLOR", color=RED)

self.wait(2)

[ Reference Code

from manim import *

class SimpleColor(Scene):
def construct(self):
col = Text("RED COLOR", color=RED)
self add(col)

(b) GRPO underperforming the base version of the
Qwen 2.5 Coder 7B model.

Figure 12: Worst case: the base model surpasses the fine-tuned model.

[ Prompt: Display the text “Hello world” in large font (size 144) centered on the j
screen.

Vanilla SFT: Qwen Coder 30B
Visual Similarity: 0.0 | CodeBERTBLEU: 0.964 | Render: FAIL

TypeError: Mobject.__init_ () got an unexpected keyword argument 'size'

from manim import *

class HelloWorLd(Scene)
def cnnstruct(se f):

= Text("Hello world", size=144)
se'lf add (text)

RITL-DOC: Qwen Coder 30B
Visual Similarity: 1.0 I CodeBERTBLEU: 1.000 | Render: PASS

from manim import *

class Helanurld(Scene)
f construct(self):
text = Text("Hello world", font size=144)
self.add(text)

Reference Code

from manim import *

class HelloWorLd(Scene)
def construct(se
text = Text(“Hello world", font size=144)
self.add(text)

Prompt: Display a 3D twelve-faced p in
the scene. The camera is angled at 75° vertically and 30° horizontally to provide a
clear, tilted view of the shape, ing its thi
Vanilla SFT: Qwen 3 Coder 30B
Visual Similarity: 0.0 | CodeBERTBLEU: 0.639 | Render: FAIL

[TypeError: Polyhedron.__init__ () got an unexpected keyword argument
‘vertices'

from manim import *

class DodecahedronScenelThreeDScene)
def construct(se
elf.set camera orlentat]on(ph1-75 * DEGREES, theta=30 * DEGREES)
dodecahedron = Polyhedron(
vertices=[
1,1, 11, 1, 1, -11, 11, -
1,071,010, 11,0 -4, L
0, 1.618, 0.6181, f0, 1,618
0, -1.618, 0.618], [0,

1.

faces=[
[0, 1, 3, 21, [4, 5,7, 6
(1, 5,7, 31, (6, 4,5, 1

1.
face_colors=[BLUE]

self.add(dodecahedron)
self.begin ambient camera rotation(rate=0.1)

RITL-DOC: Qwen 3 Coder 30B

Visual Similarity: 1.0 | CodeBERTBLEU: 0.903 | Render: PASS

from manim import *

class DodecahedrunScene(ThreeDScene)
def construct(se
self.set camera orlentatmn( hi=75 * DEGREES, theta=30 * DEGREES
dodecahedron = Dodecahedron(
self.add(dodecahedron)
self.begin ambient camera_rotation(rate=0.1)

[ Reference Code

from manim import *

class DodecahedronScenelThreeDScene)
def construct(se
self set camera orlentatlon(ph1=75 * DEGREES, theta=30 * DEGREES)

ob, { = Dodecahedron()
f.add(obj)

(a) RITL-DOC inferencing outperforming vanilla

(b) RITL-DOC inferencing outperforming vanilla
inferencing on the SFT Qwen 3 Coder 30B model.

inferencing on the SFT Qwen 3 Coder 30B model.

Figure 13: Rescue case: the inference strategy outperforms vanilla inference.
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Prompt: Display a 3D scene with a coordinate axis system and a torus
(doughnut-shaped surface) centered in the scene. The camera is angled from
above and slightly to the side to provide a clear view of the torus's circular
structure

SFT: Ministral 3 8B
Visual Similarity: 1.0 I CodeBERTBLEU: 0.903 |Render: PASS

from manim import *
class Torus3D(ThreeDScene):
def construct(self):
axes = ThreeDAxes ()
torus = Torus()
self.add(axes, torus)
self.set_camera_orientation(phi=75 * DEGREES, theta=30 * DEGREES)

SFT: Mistral Small 3.2 24B
Visual Similarity: 0.0 ] CodeBERTBLEU: 0.857 | Render: FAIL

TypeError: Mobject.__init_ () got an unexpected keyword argument 'ri'

from manim import *
class Torus3D(ThreeDScene) :
def construct(self):
axes = ThreeDAxes ()
torus = Torus(rl=1, r2=0.3)
self.set camera orientation(phi=75 * DEGREES, theta=30 * DEGREES)
self.add(axes, torus)
self.wait()

Reference Code

from manim import *

class ExampleTorus(ThreeDScene):
def construct(self):
axes = ThreeDAxes ()
torus = Torus()
self.set_camera_orientation(phi=75 * DEGREES, theta=30 * DEGREES)
self.add({axes, torus)

Figure 14: Outlier case: a smaller Ministral 3 8B SFT model outperforming the Mistral Small 3.2
24B SFT model.
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[Mistral Small 3.2 245]

" Promot |

Prompt
Display two vertically arranged groups side by side: on the left, a red label "CounterclockwiseTransform” with the numbers 3.141 and 1.618 stacked above it; on the
right, a blue label "Transform” with the numbers 1.618 and 3.141 stacked above it. First, the top number in the left group transforms into the bottom number using a

counterclockwise spinning motion. Then, the top number in the right group transforms into the bottom number with a direct, straight morphing animation.

EASE GRPO Reference
\nsual Slmllanty 82.15 % Vlsual Slmllamy 95.14 % VlsuaISlmllamy 95.66 % LVlsuaI SmuIamﬂ 100 % ‘
[CndoBER‘rBLEu] 52.55 % ‘ {CodaBERTBLEU} 55.26 % ‘ {CodsBERTBLEU] 54.06 % ‘ [CodoBERTBLEu] 100 % ‘

Mistral Small 3.2 24B
— (Misra sman 3.2 48]

Prompt |
Display the text “Flash the dot below:” at the top of the screen with a yellow dot positioned below it. Then animate a flashing effect around the dot to draw
attention to it.

BASE SFT GRPO Reference

Flash the dot below:

Lvieual Similarity 1 87.58 % ‘ {Vlsual Similarity ] 88.61 % ‘ {vlsualsnnilarity] 88.79 % ‘ Lvisual Similarity 1 100 % ‘

\ CadaBERTBLELI] 39.53 % ‘ L CodnBER‘I’BLEu} 37.96 % ‘ tCodeBERTBLEU] 39.18 % ‘ \ CodaBERTBLELI] 100 % ‘

Seed Coder 8B
eed Coder

Prompt |
Display a set of axes with a blue line representing the function \(y = x \). At the point where \( x = 4 \), a vertical dashed line and a horizontal dashed line
intersect the graph, forming a "T" shape. A label reading "x-value" is placed near this intersection to indicate the corresponding point on the graph.

BASE GRPO Refarence
Vvsual slmllarlty 85.15 % ‘ vlsual Slmllarlty 88.56 % ‘ VIsuaISlmlIarlty 88.73 % ‘ Vlsual slmllamy 100 % ‘
{CodeBERTELEU] 55.72 % ‘ tCodeBERTBLEU] 59.51 % ‘ LCedeBERTBLEU] 56.36 % ‘ {CodeBERTELEU] 100 % ‘

Figure 15: Examples from the top-performing models. The top example shows that GRPO has
fixed the issue of text being out of the viewing area, while the middle example shows GRPO
fixing overlapping visual elements. The bottom example shows a case where the outputs become
increasingly similar to the reference video across training stages.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and Section |l|state four contributions, and each maps to a subsec-
tion of Section [5 where it is presented and explained in detail with adequate mathematical
explanations and experimental results.

Guidelines:

e The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Section@ discusses the internal, external and construct validity of this work.
Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [N/A]

Justification: The paper does not include purely theoretical results. However, Section [3.1]
contains the reward function used for the RL training phase of the model, including the
derivation of the visual and text rewards.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Section E] describes the dataset and split, the model list, the LoRA and
optimiser settings, and the hardware and software versions. Section [3.1| presents the full
reward derivation, and Appendix [D|presents the statistical testing procedure. The code and
configurations are available at the link in Section 4]

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: The dataset used, ManimBench, is publicly available, and a public GitHub

repository containing the training and evaluation code, configurations, and trained LoRA
adapters is linked in Section

Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Section specifies the data split, batch size, learning rates, schedule, weight
decay, warmup ratio, LoRA rank, target modules and quantisation. The Section [3.2] specifies
the GRPO group size, completion length, 5 and € together with how each was chosen.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Every paired comparison supporting a main claim has a corresponding exact
two-sided Wilcoxon signed-rank test, paired across the 17 models in Table [§]in Appendix [D]
and all 27 tests are reported in Table (8] together with Holm adjustment within each of the
four pre-specified families.

Guidelines:
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8.

10.

» The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Section [ reports the full setup used for all the experiments reported in the
paper.
Guidelines:
* The answer [N/A] means that the paper does not include experiments.
* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.
* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.
* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The research conforms to the NeurIPS Code of Ethics. The experiments use a
publicly available dataset of Manim code and involve no human subjects or personal data.

Guidelines:

e The answer [N/A]| means that the authors have not reviewed the NeurIPS Code of
Ethics.

o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

28


https://neurips.cc/public/EthicsGuidelines

11.

12.

Answer: [Yes]

Justification: Section[6]discusses how the pipeline lowers the cost of producing programmatic
animations with compact open models. However, it also notes that compact LLMs may
make more frequent mistakes than frontier models and argues for keeping a human in the
loop for factual review.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The released artefacts and code are based on Manim animation code generation,
and they do not constitute a general-purpose model. Hence, no high risk of misuse has been
identified.

Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

29



13.

14.

15.

Justification: The Unsloth model collection, Manim Community Edition (ManimCE),
ManimBench, and all LLMs are cited in Sections 2] and[4] All external assets are used
in accordance with their licenses and terms of use. ManimCE is licensed under the MIT
license, TRL and Unsloth under Apache 2.0, and ManimBench under CC-BY-NC-SA 4.0.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

 For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: All produced artefacts and code are included in the repository linked in Section
[] including the configurations required to reproduce the reported results.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: The study does not involve crowdsourcing or research with human subjects.
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects
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16.

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: The study does not involve crowdsourcing or research with human subjects.
Guidelines:

* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: LLMs are a core subject of study in this research work. Section[3|describes
how the open-source models are further trained with SFT and GRPO. Section |3.3|describes
their behaviour under the renderer-in-the-loop inference pipeline. However, the paper itself
does not contain any LLM-generated text or artefacts except in Appendix [F] which shows
example generations from the models experimented with in the study.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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