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Abstract

Recent work leverages Large Language Mod-
els (LLMs) to generate executable code for
pedagogical animations using libraries such
as Manim. However, ensuring spatial correct-
ness and visual legibility remains challenging,
as existing frameworks emphasize pedagogi-
cal content while overlooking geometric oc-
clusions. We propose the Symbolic Geomet-
ric Agent (SGA), a plug-and-play module for
code-centric animation pipelines that intercepts
LLM-generated code, performs partial execu-
tion to extract symbolic scene graphs, and ap-
plies targeted refinement when spatial conflicts
are detected. We further introduce the Manim
Visual Quality Score (MVQS), a determinis-
tic rendering-free proxy for spatial integrity.
Experiments on the MMMC-Code benchmark
across four LLM backbones and two agen-
tic pipelines show that SGA achieves a peak
MVQS of 73.11 (Code2Video + GPT-5.1), cor-
responding to a 16.1% relative improvement
over the raw baseline, and improves MVQS
in 7 of 8 backbone x pipeline configurations.
Additionally, we conduct a human evaluation
showing that these improvements translate into
human preference, with raters preferring SGA
over the raw baseline in 84.4% of comparisons
and over a VLM-based critic in 65.0%.

1 Introduction

Video has become a dominant medium for instruc-
tional content in modern digital education. In math-
ematics and science, structured animations require
precise spatial organization, clear visual hierarchy,
and coherent temporal transitions to effectively
communicate abstract concepts (Khalil et al., 2024;
Navarrete et al., 2025; Clark and Mayer, 2023;
Mayer, 2024). As demand for scalable educational
content grows, research increasingly focuses on
automating the production of explanatory videos.
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Recent advances in Large Language Models
(LLMs) have enabled language-to-program gen-
eration, allowing natural language prompts to be
translated into executable programs for visual con-
tent creation. Moving beyond direct synthesis
in pixel space, emerging code-centric paradigms
generate structured animation programs, such as
Python scripts for the Manim engine (Develop-
ers, 2020), which are then rendered into educa-
tional videos (Chen et al., 2025). This approach of-
fers substantial advantages in controllability, repro-
ducibility, and semantic transparency compared to
diffusion-based or pixel-level video generation (Lin
et al., 2025; Shah et al., 2025; Huang et al., 2026).
Representative systems such as Code2Video (Chen
et al., 2025) and TheoremExplainAgent (Ku et al.,
2025) demonstrate that LLM-driven pipelines can
produce long-form, coherent educational anima-
tions through multi-agent planning and refinement.
Figure 1 illustrates the limitations of current ap-
proaches and the motivation for our framework.

Despite these advances, ensuring spatial correct-
ness and visual legibility remains challenging. Ed-
ucational animations require strict geometric con-
sistency, in which text does not overlap, equations
remain aligned, and objects preserve their scale re-
lationships to maintain readability. Empirical anal-
yses of state-of-the-art code-centric systems reveal
that spatial layout remains the weakest component
in automated generation. For instance, Theorem-
ExplainAgent reports that element layout receives
the lowest evaluation scores among all assessed
criteria, even when factual accuracy and logical co-
herence are high (Ku et al., 2025). These issues are
not merely aesthetic; in educational contexts, poor
spatial organization increases cognitive load and
can impair knowledge transfer (Clark and Mayer,
2023; Leiker et al., 2023).

Current approaches primarily rely on post-
hoc perceptual evaluation using Vision-Language
Models (VLMs) to critique rendered video
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Figure 1: Current SOTA agents produce syntactically valid but visually occluded animations. (Left) TheoremEx-
plainAgent (Ku et al., 2025) neglects spatial constraints, while Code2Video (Chen et al., 2025) relies on stochastic,
computationally expensive VLM feedback that fails to resolve fine-grained clashes. (Center) This lack of determin-
istic grounding induces “geometric hallucinations” in pixel space. (Right) Our SGA enables symbolic scene graph
extraction and targeted refinement, ensuring spatial integrity by design prior to rendering.

frames (Chen et al., 2025). While effective for
high-level assessment, VLM-based critique oper-
ates in pixel space, requires expensive full-video
rendering, and produces coarse, non-deterministic
feedback. Crucially, such evaluation lacks deter-
ministic spatial verification. This reveals a method-
ological mismatch: when visual content is gener-
ated from structured code, verification should oper-
ate in the same symbolic domain. To address these
limitations, we introduce the Symbolic Geometric
Agent (SGA), a plug-and-play symbolic verifica-
tion framework for code-centric educational video
generation. We further introduce the Manim Visual
Quality Score (MVQS), a deterministic rendering-
free metric for spatial integrity. In summary, our
contributions are threefold:

1. We introduce the Symbolic Geometric Agent
(SGA), a plug-and-play verification layer for
code-centric animation frameworks that con-
structs symbolic scene graphs and computes
geometric descriptors, such as axis-aligned
bounding boxes and object distances, enabling
deterministic spatial conflict detection and tar-
geted refinement without modifying the gen-
eration pipeline.

2. We introduce the Manim Visual Quality Score
(MVQS), a deterministic metric that evaluates
visual layout quality without video rendering
or VLM-based critique, focusing primarily on

geometric legibility and spatial integrity rather
than visual or educational quality.

3. We conduct extensive experiments on the
MMMC-Code benchmark across four LLM
backbones and two agentic pipelines, showing
that SGA consistently improves spatial layout
quality and outperforms VLM-based critique
in spatial layout evaluation.

2 Related Work

Code-Centric Educational Video Generation.
Traditional generative video research has largely
focused on end-to-end models operating in pixel
or latent spaces, including diffusion-based (Gupta
et al., 2024; Ho et al., 2022; Xing et al., 2024; Lian
et al., 2023) and autoregressive approaches (Deng
et al., 2024; Khachatryan et al., 2023). However,
such models often struggle with the long-form rea-
soning, controllability, and spatial consistency re-
quired for instructional content. Recent advances
in large language models have enabled code-centric
generation paradigms in which LLMs produce ex-
ecutable animation programs through multi-step
reasoning and iterative refinement. Frameworks
such as ReAct (Yao et al., 2022) demonstrate how
language models can interleave reasoning and ex-
ternal actions (Shinn et al., 2023; Madaan et al.,
2023; Hong et al., 2024; Vera et al., 2025; Contr-
eras et al., 2026), while specialized systems such as
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Code2Video (Chen et al., 2025) and TheoremEx-
plainAgent (Ku et al., 2025) show that structured
program generation enables controllable and se-
mantically coherent educational animations. De-
spite these advances, current systems primarily rely
on internal LLM reasoning and lack mechanisms
to verify the geometric consistency of generated
layouts before rendering. Our work addresses this
limitation through symbolic geometric verification
directly in the code generation pipeline of systems
such as Code2Video and TheoremExplainAgent.

Automated Evaluation of Visual Quality. Eval-
uation metrics for generative visual models have
traditionally focused on pixel-level similarity or
embedding-based alignment, often using measures
such as CLIP (Radford et al., 2021). More recent
systems employ Vision-Language Models (VLMs)
as automated evaluators for generated images and
videos (Chen et al., 2025; Lee et al., 2024; Chen
et al., 2024; Liu and Zhang, 2025; Hinojosa et al.,
2026), providing high-level assessments of visual
quality and instruction alignment. However, VLM-
based evaluation operates in pixel space and does
not directly capture geometric violations in struc-
tured animation layouts. As a result, these ap-
proaches often provide coarse feedback that is dif-
ficult to translate into concrete code corrections.
Our proposed MVQS metric instead evaluates lay-
out quality using symbolic geometric descriptors
derived from the animation scene representation,
enabling feedback for refinement.

3 Proposed Method

Figure 2 illustrates our proposed Symbolic Geomet-
ric Agent (SGA), which mitigates spatial blindness
in code-generation pipelines for educational video
generation. Unlike VLM-based critics that rely on
computationally expensive pixel-level video ren-
dering and stochastic inference, SGA performs de-
terministic geometric verification directly on sym-
bolic scene representations extracted via partial
execution. Its modular, framework-agnostic design
enables it to serve as a plug-and-play verification
layer across generation frameworks.

3.1 Plug-and-Play Architecture and
Interception Flow

The SGA operates as a non-invasive verification
layer, treating animation synthesis as an iterative
code-space optimization problem. Given a target
topic 7', a generative model £ produces an initial

script C(?). The SGA intercepts the execution flow
and executes a four-stage refinement loop at each
iteration ¢: (1) Symbolic Extraction, where c@
undergoes low-latency partial execution to derive
a symbolic scene graph S, bypassing full video
rendering overhead (Sec. 3.2); (2) Deterministic
Conflict Detection, wherein S (1) is evaluated for
spatial violations via exact Axis-Aligned Bound-
ing Box (AABB) analysis, replacing stochastic
VLM heuristics with reproducible geometric ver-
ification (Sec. 3.3); (3) Actionable Feedback, in-
volving a compiler F that translates violations into
a structured diagnostic report F'(*) containing pre-
computed fix vectors and canonical Manim correc-
tion templates (Sec. 3.5); and (4) Targeted Refine-
ment, where the LLM performs precise, line-level
edits conditioned on the symbolic feedback:

D) = (1,09, F)y (1)

Refinement terminates after a fixed budget of n it-
erations, effectively bounding computational over-
head while allowing the LLM to iteratively incor-
porate symbolic grounding constraints. A summa-
rized version of the algorithm is provided in the
supplemental material (Sec. 6).

3.2 Symbolic Scene Graph Extraction

SGA avoids high-latency rendering by repurposing
the Manim runtime as a symbolic execution engine.
The system parses source code into an Abstract
Syntax Tree (AST) and instrumentally rewrites the
construct() method to wrap each statement in a
granular try-except block. This fault-tolerant ex-
ecution isolates runtime exceptions, such as invalid
attribute calls common in LLM outputs, allowing
the agent to skip faulty instructions and extract
spatial primitives from the remaining valid code.

Geometric Formalization. For each Manim ob-
ject (mobject) m; extracted into the set of all scene
objects M, the SGA derives a deterministic record
Rj = <¢j,Cj,bbj,wj,€j>. (1) Semantic label
¢; € ® is assigned from a four class taxonomy
® = {TEXT, GEOM, MARK, DECO}(Ericson,
2004). (2) Spatial geometry is defined by cen-
troid ¢; = (cj, cjy) and dimensions (wj, h;), yield-

min / max

ing Axis Aligned Bounding Box: z=
¢§ +w;/2 and y;nin/max = ¢ £ h;/2. (3) Source
grounding v; maps the runtime object address to
its Python identifier via static AST analysis(Gong
et al., 2024); for variables unresolvable through
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Figure 2: The SGA acts as a neuro-symbolic interceptor for spatial-linguistic grounding. (Left) The pipeline
captures LLM-generated code pre-rendering. (Center) The SGA engine extracts a symbolic scene graph via partial
execution, identifying spatial conflicts through deterministic AABB analysis. Violations prompt template-based
refinement, quantified by the Manim Visual Quality Score (MVQS). (Right) SGA serves as a plug-and-play spatial
guardrail, replacing stochastic VLM critics in frameworks like Code2Video and TheoremExplainAgent.

static assignment (e.g., objects in loops), we fall-
back to a deterministic positional scheme. (4) Tem-
poral provenance /; captures the source line num-
ber (creation_lineno). This multidimensional
mapping ensures that diagnostic feedback refer-
ences the LLM’s own symbolic namespace, facili-
tating localized, line-level edits.

3.3 Deterministic Spatial Conflict Detection

Geometric Conflict Formalization. SGA de-
fines spatial integrity as the absence of unintended
occlusions between mobject pairs. For any pair
(mi,mj) € M? where i # j, the intersection area
I;; is computed via AABB:

I;; = max(0, Az;;) x max(0, Ay;;), (2)
where A,%'U = nflin(x?lax7 m;nax)
maX(x?lin,:L‘;mn), and similarly for Ay;;. A

conflict is registered if I;; > € (default € = 0). Let
V(@) denote the set of detected spatial violations
at iteration ¢, serving as input to the feedback
compiler. To distinguish severe occlusions from in-
cidental contact, we compute asymmetric coverage
ratios pﬁjlf = I;j/A; and p‘z?]t»her = I;j/A;, where
Ay = wy X hy is the bounding box area. Conflict
severity is discretized as HIGH (max(p) > 0.30),
MEDIUM (> 0.10), or Low. For each confirmed
conflict, SGA calculates the Minimum Separation
Vector (MSV), defined as the shortest axis-aligned

displacement (d,, d,) required to satisfy I;; < e.
This vector is provided to the feedback compiler,
grounding LLM refinement in explicit geometry
and coordinates rather than qualitative suggestions.

Semantic and Spatio-Temporal Filtering. To
preserve intentional compositions, we apply a two-
stage filter. Stage 1 (Contextual) matches the ani-
mation description against a vocabulary of place-
ment (e.g., “on, root”), motion (e.g., “slide”), and
geometric (e.g., “axis”) keywords. Stage 2 (Struc-
tural) performs static analysis to detect patterns
such as decorative enclosures (P1), annotation
pointers (P2), explicit centering calls (P3), con-
tainer geometries (P4), and mathematical braces
(P5). Conflicts matching these patterns are treated
as intentional or pedagogical and suppressed. Fi-
nally, for dynamic scenes, the SGA performs
Spatio-Temporal Sampling across K = 11 frames.
Conflicts at ¢ € {0, 1} are flagged as persistent
errors requiring patches, while mid-trajectory over-
laps (0 < t < 1) are classified as transient and
ignored to preserve intended animation paths. Only
persistent and problematic violations proceed to
the feedback compiler.

3.4 Manim Visual Quality Score (MVQS)

Leveraging the symbolic extraction pipeline de-
scribed above, we introduce MVQS. Unlike tradi-
tional vision-based assessments, MVQS eliminates
the need for full video synthesis by computing a
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weighted linear combination of three composite
dimensions derived from the scene graph S,

MVQS = wepSsp + Wiy Sly + Wed Sed, 3)

where {wgp, Wiy, weq} are set to {0.5,0.2,0.3}.
All metrics are normalized to [0, 1].

Spatial Correctness. Denoted by S, this di-
mension penalizes errors that fundamentally im-
pair readability. It combines four complemen-
tary criteria: (1) Overlap Penalty, which penal-
izes problematic conflicts according to their sever-
ity; (2) Canvas Boundary, which measures the
fraction of objects contained within the viewport
[—W/2,W/2] x [-H/2, H/2]; (3) Legibility, de-
fined as the fraction of objects exceeding a min-
imum scale threshold § (default 0.15 units); and
(4) Separation, which measures the normalized Eu-
clidean distance between object centroids relative
to the canvas diagonal.

Composition and Pedagogy. Layout quality, de-
noted by Syy, evaluates how effectively visual ele-
ments occupy and distribute across the canvas. It
combines: (1) Density, which measures scene cov-
erage o = () wjh;)/(W H) and favors balanced
occupancy within [0.10,0.35]; and (2) Distribu-
tion, defined as the occupancy fraction of a4 x 3
canvas grid. Educational utility, denoted by Seq,
measures the pedagogical clarity of the animation.
It combines: (1) Labeling Completeness, the frac-
tion of geometry or marker objects associated with
MathTex identifiers via substring matching; and (2)
Animation Quality, the fraction of animations free
of persistent conflicts at resting frames ¢ € {0, 1}.

Aggregation. Each composite dimension aggre-
gates its corresponding component metrics using
weighted averaging. Specifically, Sy, uses weights
wep = [0.50,0.25,0.15,0.10], while Sty and Seq
use wiy = [0.40,0.60] and weq = [0.40,0.60],
respectively. The final MVQS score is then com-
puted via Eq. 3. We assign the largest weight to
Ssp because occlusion errors constitute the primary
barrier to linguistic and visual grounding. MVQS
is intended as a geometry-grounded engineering
proxy rather than a direct substitute for human
judgment; additional discussion, cross-metric anal-
ysis, weight sensitivity analysis, and full sub-score
decompositions are provided in the supplemental
material (Sec. 2). We further assess the alignment
of MVQS with human judgment through a human

evaluation study (Sec. 4.3), showing that the local-
ized geometric improvements captured by MVQS
are perceptible to human raters.

3.5 Feedback Compilation and Targeted
Refinement

The feedback compiler F translates problematic
conflict pairs P into a structured diagnostic report
F® containing both human-readable feedback for
the LLM prompt and machine-readable patch meta-
data. For dynamic scenes, persistent conflicts at
resting frames ¢ € {0, 1} are distinguished from
transient motion overlaps to avoid disrupting valid
animation trajectories.

Deterministic Fix Strategies. Based on AABB
analysis and the computed MSV, F applies geo-
metric correction strategies including repositioning
objects to safe viewport regions, translation via
.shift() operations, rescaling for high-severity
occlusions, temporal corrections inserted before
relevant self.play() calls, and parameter ad-
justment for relative placement operators such as
.next_to(). These operations preserve chained
positioning logic while minimizing downstream
cascade failures.

Surgical Patching. Refinement is performed
through localized patch prompts containing a
45 line source context window centered on the
creation_lineno, together with the precomputed
MSYV and canvas coordinate reference. This con-
strains the LLM to localized edits without global
script regeneration. Patches are validated via AST
parsing, with failed parses triggering rollback to
the prior version.

4 Experiments and Results

We evaluate SGA as a plug-and-play spatial verifi-
cation layer for educational video generation. The
agent is integrated into two SOTA frameworks:
TheoremExplainAgent (TEA) (Ku et al., 2025)
and Code2Video (C2V) (Chen et al., 2025), which
serves as a vision-centric baseline that employs a
VLM as a judge agent to provide feedback on ren-
dered frames. Our evaluation framework comprises
three axes: (1) deterministic spatial symbolic in-
tegrity quantified via MVQS; (2) perceptual quality
assessed through VLM-as-Judge protocols; and (3)
system computational efficiency.

Benchmark and Backbones. We utilize the
MMMC-Code benchmark (Chen et al., 2025), con-
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taining 117 complex instructional topics across cal-
culus, linear algebra, and physics. This bench-
mark is uniquely suited for SGA evaluation as it
requires simultaneous optimization of pedagogical
reasoning and precise geometric layout. To evalu-
ate robustness across diverse LLM backbones, we
employ four models: GPT-5.1, GPT-5 mini, Claude
4.6 Sonnet, and Gemini 3.0 Flash, each with a de-
fault temperature.

Evaluation Protocol. (1) Perceptual Aesthetics:
To model visual quality while accounting for vari-
ability in automated assessment, we adopt the VLM-
as-Judge protocol (Chen et al., 2025) using Gemini
3.0 Flash. The model performs zero-shot quali-
tative inference across four semantic dimensions,
each quantified on a 100-point scale: Educational
Logic (EL) for temporal coherence, Aesthetic Tone
(AT) for visual saliency, Layout Flow (LF) for spa-
tial distribution, and Visual Clarity (VC) for mor-
phological stability. (2) Symbolic Metrics (MVQS):
We compute our proposed metric using the de-
terministic engine described in Sec. 3.4. Full re-
producibility details for the VLM Ceritic baseline
prompt and the MVQS scoring implementation are
provided in the supplemental material (Sec. 11).

4.1 Quantitative Results

Table 1 summarizes performance across the 117
topics of the MMMC-Code benchmark. SGA
improves MVQS in 7 of 8 backbone x pipeline
configurations, with the strongest gains in the
Code2Video pipeline where positional errors are
denser. The sole exception is TheoremExplainA-
gent + Claude 4.6 Sonnet, where MVQS declines
marginally from 63.84 to 62.83 (—1.01 pts); we
attribute this to Claude’s already-structured out-
put reducing the number of patchable violations,
leaving S largely unchanged while Sy contracts
slightly due to repositioning. Notably, these im-
provements are largely invisible to VLM-Judge
aesthetics scores, motivating both the design of
SGA and the introduction of the MVQS metric.

A key observation is the divergence be-
tween VLM-Judge aesthetics and MVQS. In the
TheoremExplainAgent-RAW setting, Claude 4.6
Sonnet achieves an aesthetics score of 95.42 while
obtaining only 63.84 on MVQS, a gap exceeding
31 points. Across all conditions, SGA and the
VLM Ceritic differ by fewer than 1.5 points on ev-
ery VLM sub-score, yet exhibit substantially larger
differences in MVQS. This suggests that aesthetics-
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Figure 3: Perceptual vs. symbolic evaluation across
24 configurations. (Left) MVQS exhibits substantially
larger variation than VLM-Judge scores, indicating lim-
ited perceptual sensitivity to geometric inconsistencies.
(Right) Educational sub-scores show stronger alignment
between perceptual and symbolic evaluation.

based evaluation alone is insufficient to detect spa-
tial correctness and that perceptual critics remain
largely insensitive to geometric inconsistencies.

In TheoremExplainAgent, scenes are generally
pedagogically structured but exhibit object-level
coordinate hallucinations. SGA mitigates these
through deterministic geometric corrections, in-
creasing the MVQS of Gemini 3.0 Flash from
63.67 to 67.14, driven primarily by gains in Seq
(+4.08). In contrast, Code2Video exhibits denser
positional errors, amplifying the benefit of sym-
bolic correction. Here, the VLM Ceritic yields only
modest MVQS gains for GPT-5.1 (62.97 to 64.54),
whereas SGA increases performance to 73.11, cor-
responding to a 16.1% relative improvement over
the raw baseline and the highest MVQS observed
in our experiments. Overall, SGA improves Seq
over the VLM Ceritic by 15.0 points in Theorem-
ExplainAgent and 10.5 points in Code2Video, and
increases overall MVQS by 1.50 and 4.43 points,
respectively. These gains arise from deterministic
MSV-based corrections without iterative sampling
or perceptual scoring. The results suggest that sym-
bolic geometric reasoning offers a more precise
and reproducible mechanism for correcting spatial
layout than perceptual critique alone.

4.2 Perceptual vs. Symbolic Evaluation

Figure 3 plots VLM-Judge scores against MVQS
across all 24 configurations. Panel (a) shows that
the two axes are largely orthogonal (p = +0.24,
p = 0.27): VLM scores compress into a 10.5-point
band (85.9-96.4) while MVQS separates the same
configurations over 14.4 points (58.7-73.1), with
SGA occupying the upper range. This confirms
that perceptual critics are insensitive to the geomet-
ric violations MVQS detects, motivating symbolic
evaluation as a complementary axis. Panel (b) re-
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Table 1: Comparative analysis of Code2Video and TheoremExplainAgent across diverse LLM backbones. Per-
formance is measured using automated perceptual metrics (VLM-as-Judge) and deterministic symbolic metrics
(MVQS). All values are on a 0—100 scale; values in bold indicate the best performance per backbone group.

Backbone Model |

Aesthetics (VLM Judge 1) |

MVQS Metrics (Symbolic 1)

| EL AT LF vC Avg | Ssp Sty Sed MVQS
TheoremExplainAgent-RAW
GPT-5.1 86.25 9338 97.25 90.62 91.88 | 67.73 6448 31.27 58.74
GPT-5 mini 81.00 86.20 92.00 84.50 8593 | 68.39 7648 33.61 59.53
Claude 4.6 Sonnet | 93.88 94.12 98.54 95.12 9542 | 62.17 6571 6359 63.84
Gemini 3.0 Flash 93.00 93.40 98.00 93.80 94.55 | 63.84 6442 6271 63.67
TheoremExplainAgent + VLM Critic
GPT-5.1 86.40 90.50 97.55 88.51 90.74 | 6942 68.81 4337 61.58
GPT-5 mini 89.62 93.27 9548 9237 92.68 | 71.02 76.86 4285 63.73
Claude 4.6 Sonnet | 93.14 95.12 98.61 96.43 9583 | 70.74 7541 4427 6241
Gemini 3.0 Flash 92.57 95.08 98.04 95.17 9522 | 68.16 7277 45.62 62.34
TheoremExplainAgent + SGA
GPT-5.1 90.41 90.52 97.21 91.51 9242 | 70.79 64.11 3897 59.81
GPT-5 mini 93.75 9157 9738 92.72 9385 | 69.24 7509 4596 6347
Claude 4.6 Sonnet | 96.89 94.12 98.11 96.44 96.39 | 67.28 62.34 6741 62.83
Gemini 3.0 Flash 94.84 90.56 98.52 9447 9449 | 68.84 63.57 66.79 67.14
Code2Video-RAW
GPT-5.1 89.71 89.56 96.47 93.68 93.09 | 69.97 6523 49.76 6297
GPT-5 mini 91.58 90.79 9737 9434 9392 | 73.17 6578 46.75  63.68
Claude 4.6 Sonnet | 93.12 93.12 97.88 95.62 9545 | 72.84 6824 4407 63.27
Gemini 3.0 Flash 9238 90.05 97.12 90.83 94.05 | 78.07 6428 53.11 67.82
Code2Video + VLM Critic
GPT-5.1 9192 93.05 97.67 9442 9486 | 71.32 6694 5142 64.54
GPT-5 mini 91.94 9097 97.78 9458 9436 | 7425 6637 43.78  63.51
Claude 4.6 Sonnet | 93.12 91.62 98.00 94.88 95.00 | 7436 68.21 47.83  65.15
Gemini 3.0 Flash 92.37 90.53 97.16 95.53 94.13 | 78.82 63.71 56.19  69.09
Code2Video + SGA

GPT-5.1 92.82 93.65 9742 9572 9558 | 79.81 68.05 6547 73.11
GPT-5 mini 85.64 87.92 96.75 91.74 9049 | 76.02 66.04 50.81 6642
Claude 4.6 Sonnet | 94.27 92.04 97.85 9574 9496 | 75.38 69.25 47.74  65.87
Gemini 3.0 Flash 92.67 89.75 98.66 94.88 9399 | 82.61 64.06 5893 71.86

veals the sole significant bridge: the MVQS edu-
cational sub-score Seq correlates moderately with
VLM Educational Logic (p = +0.58, p = 0.003),
as both capture whether scene semantics are coher-
ent. The remaining sub-scores (S, Siy) show no
significant correlation with any VLM dimension
(lp| < 0.20), confirming that spatial correctness is
precisely what pixel-level evaluation misses.

4.3 Human Evaluation

To assess whether the geometric improvements cap-
tured by MVQS are perceptible to human observers,

we conducted a blind evaluation with 25 partic-
ipants comparing RAW, VLM Critic, and SGA
through pairwise frame-level judgments of over-
lap and canvas-boundary errors and video-level
ratings of readability and pedagogical clarity on a
7-point scale. Table 2 shows the rate of wins/ties in
each head-to-head comparison across the four com-
ponents, along with the overall preference for the
video in the three-way comparison. Overall, SGA
is preferred over RAW in 84.4% of frame-level
comparisons and over VLM Ceritic in 65.0%, with
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Figure 4: Comparison on Code2Video (Chen et al., 2025) scenes. Raw frames exhibit label-equation collisions and
occluded annotations; VLM-Ceritic introduces regressions, including out-of-canvas displacement and missing seman-
tic elements; SGA resolves spatial conflicts while preserving mathematical notation and geometric relationships.

the largest margins on overlap judgments (93.3%
and 56.7%, respectively). At the video level, the
three methods separate less sharply: SGA receives
the highest overall preference (38.5%), followed
by VLM Critic (26.0%) and RAW (24.0%), with
the remaining 11.5% of votes indicating no clear
preference. This weaker separation reflects the
different scopes of the evaluations: geometric con-
flicts are most salient when directly observable in
static frames, whereas judgments of complete clips
also integrate broader perceptual, semantic, and
pedagogical factors. Full protocol details and per-
question splits are provided in the supplemental
material (Sec. 10).

4.4 Qualitative Analysis

We assess the effectiveness of SGA in mitigating
coordinate-level failures by comparing rendered
keyframes. Figure 4 illustrates the transition from
stochastic coordinate hallucinations, where the gen-
erative backbone lacks grounding in the final can-
vas state, to deterministic geometrically verified
layouts. Figure 4 shows representative outputs
from the Code2Video pipeline. Without feedback,
the baseline frequently exhibits severe spatial fail-
ures, including elements rendered outside the view-
port and collisions between labels and equations.
A VLM-based critic partially mitigates these issues
by providing coarse-grained feedback that returns
some elements to the frame. However, the resulting
layouts remain unstable and occasionally introduce

new regressions. In the Fourier scene, for example,
frequency-domain bars are displaced beyond the
canvas boundary despite corrective feedback. In
contrast, SGA applies high-precision axis-aligned
bounding box (AABB) analysis to detect and re-
solve spatial conflicts deterministically, ensuring
the legibility of labels and graphical primitives
that perceptual critics often overlook. In general,
SGA exhibits consistent spatial correction behav-
ior when integrated as a guardrail into Theorem-
ExplainAgent, resolving label collisions and axis
occlusions while preserving animation primitives
in motion-dense regions; qualitative visual results
for this pipeline are provided in the supplementary
material (Sec. 1).

4.5 Computational Efficiency Analysis

SGA provides a substantial computational advan-
tage over VLM-based refinement by eliminating
the high-latency video rendering stage. Standard
VLM critics require a full rendering pass (30—
90 seconds) followed by multimodal inference,
whereas SGA relies on partial execution through
Manim runtime instrumentation to extract the sym-
bolic scene graph S () in under 5 seconds. At the
pipeline level, using GPT-5.1 as the backbone, the
baseline Code2Video system requires 6.4 minutes
per sample and increases to 8.8 minutes when aug-
mented with a VLM layout critic. Replacing the
critic with SGA results in a runtime of 6.8 min-
utes, corresponding to a 6 x reduction in refinement

9540



Table 2: Human-rater win/tie rates by evaluation component, plus overall 3-way video preference. n = ratings per

comparison.
Overlap (n=45) Canvas (n=45) Readability (n=96) Clarity (n=96)
Comparison Win Tie Win Tie Win Tie Win Tie Overall pref. (n=96)
SGA vs. RAW 93.3 4.4 75.6 24.4 38.5 49.0 354 54.2 SGA 38.5
SGA vs. VLM Critic ~ 56.7 30.0 73.3 0.0 53.1 29.2 57.3 25.0 VLM Critic 26.0
RAW vs. VLM Critic =~ 26.7 26.7 333 244 44.8 229 46.9 229 RAW 24.0

overhead. Similarly, integrating SGA into Theo-
remExplainAgent introduces only a minor latency
increase, from 15.7 to 16.9 minutes. At the itera-
tion level, symbolic conflict detection completes
in under 5 seconds, compared to the 30-90 sec-
ond rendering pass required by VLM-based eval-
uation, yielding a per-iteration speedup of approx-
imately 6 x—18x depending on scene complexity.
By replacing video-dependent perceptual evalua-
tion with deterministic symbolic conflict resolu-
tion, SGA enables a more efficient refinement loop
whose runtime scales with scene graph complexity
rather than video rendering cost.

5 Conclusion

We introduced the Symbolic Geometric Agent
(SGA), a neuro-symbolic framework that ad-
dresses spatial blindness in code-centric genera-
tive pipelines by shifting layout refinement from
perceptual inference to deterministic geometric ver-
ification. Evaluated on the MMMC-Code bench-
mark, SGA consistently improves programmatic
video quality across multiple LLM backbones and
agentic pipelines, achieving MVQS gains of up
to 16.1% over the raw baseline while reducing re-
finement overhead with a 6x—18x per-iteration
speedup. We also proposed MVQS, a determinis-
tic metric for evaluating the quality of mathemati-
cal animations that captures spatial correctness of-
ten overlooked by VLM-as-Judge aesthetic scores.
Owing to its model-agnostic, plug-and-play design,
SGA integrates easily into existing pipelines as a
spatial guardrail or a deterministic alternative to
perceptual layout critics.

Limitations. Despite the significant improvements
in spatial grounding provided by the SGA, several
limitations remain. First, the current implemen-
tation is specialized for 2D geometric primitives
within the Manim engine; extending this to 3D
scenes would require a more complex instrumenta-
tion of camera-space projections and depth-sorting.
Second, while the SGA resolves physical overlaps,

it does not currently address temporal synchroniza-
tion issues (e.g., ensuring a label appears exactly
when a shape is drawn). Finally, the MMMC-Code
benchmark is restricted to English-language math-
ematical content, and future work is required to
evaluate the framework’s robustness across diverse
linguistic and pedagogical traditions. Our human
evaluation (Sec. 4.3) provides evidence that SGA’s
geometric corrections are perceptible to human
raters. However, the study was not designed to as-
sess item-level correlations between MVQS scores
and human ratings, as individual trial clips were not
linked to the topic, backbone, and pipeline meta-
data required for such matching. Establishing this
finer-grained correspondence remains an important
direction for future work.

Ethics Statement. We acknowledge several ethi-
cal considerations regarding the deployment of the
SGA. While the framework guarantees geometric
integrity and visual clarity, it does not verify the
mathematical or pedagogical truth of the underly-
ing theorems generated by the LLM. Users must be
aware that a visually "perfect" and overlap-free an-
imation can still contain factual inaccuracies. Fur-
thermore, high performance on the MVQS metric
could induce an automation bias, leading educa-
tors to bypass manual verification of the content.
We mitigate these risks by positioning the SGA as
an assistive guardrail for human-in-the-loop con-
tent creation. Finally, we disclose that Al assis-
tants were utilized during the drafting phase of this
manuscript for prose refinement and code optimiza-
tion.
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Appendix. This document provides extended anal-
yses and experimental details supporting the main
paper. Section 6 presents qualitative results for the
TheoremExplainAgent pipeline. Section 7 reports
a weight sensitivity analysis for MVQS, including
an interactive exploration tool hosted on our project
page; the tool provides two independent modules
evaluating composite weight sensitivity and atomic
sub-score perturbations, respectively. Section 8
provides the inter-component correlation matrix for
the three MVQS sub-scores, directly addressing the
additivity assumption underlying the weighted sum.
Section 9 reports the scene-level execution com-
pletion ratio across all benchmark conditions, ad-
dressing the potential measurement bias introduced
by fault-tolerant execution. Section 10 presents
the full protocol and complete results of the hu-
man evaluation study summarized in Section 4.3
of the main paper, including inter-rater reliability
breakdowns and per-question splits. Section 11 de-
tails the experimental conditions used to ensure a
fair comparison between SGA and the VLM Ceritic.
Section 12 gives a self-contained pseudocode sum-
mary of the SGA pipeline. Section 13 provides
the scene-level MVQS distributions from the full
Code2Video benchmark (2,252 evaluations) under-
lying the aggregate results in Table 1 of the main
paper. All quantitative results are derived from
the Code2Video pipeline evaluated on the MMMC-
Code benchmark (2,252 scene evaluations across 4
backbones x 3 conditions), unless otherwise noted.

6 Qualitative Results:
TheoremExplainAgent

Figure 5 highlights the role of SGA as a spatial
guardrail for TheoremExplainAgent. Raw outputs
typically preserve the pedagogical structure of the
explanation but fail to account for the spatial foot-
print of mathematical annotations, leading to label
collisions and axis occlusion. SGA detects these
conflicts directly within the symbolic scene graph
prior to rendering and applies MSV-based reposi-
tioning relative to geometric centroids, reconciling
pedagogical intent with spatial validity. Impor-
tantly, in animation-dense regions such as the curl
visualization, SGA avoids modifying vector-field
arrows identified as motion primitives, thereby pre-
venting the additional displacement occasionally
introduced by the VLM Ceritic in these regions. The
resulting layouts produce clearer instructional vi-
sualizations while avoiding the latency associated

with repeated video regeneration. We complete
these static comparisons with full-length video
demonstrations on the project page, illustrating
how SGA’s spatial corrections maintain tempo-
ral stability across complete animation sequences
rather than isolated keyframes.

7 MVQS Weight Sensitivity Analysis

The MVQS composite is defined as a weighted
linear combination of three sub-scores:

MVQS = wgp Ssp + wiy Sty + Wed Sed,

with weights {wgp, wiy, wea} = {0.5,0.2,0.3}.
This section analyzes how sensitive the resulting
rankings are to perturbations of these weights, and
provides an interactive tool for exploring the full
weight space.

7.1 Interactive Exploration Tool

An interactive sensitivity tool is accessible live on
project page. It functions as a standalone web ap-
plication requiring no installation or server runtime.
The tool supports two complementary explorations:

1. Composite weight sensitivity. Three sliders
control wgp and weq freely, with wyy derived as
1 — wgp — Wed, subject to wyp + Wiy + Weq = 1.
Three views update in real time: (a) a stacked
bar decomposition showing the weighted contri-
bution of each sub-score across all 24 configu-
rations; (b) a sensitivity sweep plotting MVQS
as a function of ws, with the current value high-
lighted; and (c) a radar profile comparing mean
Ssp» Sy, Sea across RAW, VLM Ceritic, and
SGA. The Kendall 7 relative to the published
ranking and pair-order flip count update live
below the controls.

2. Atomic sub-score sensitivity. A second in-
dependent panel exposes sliders for the four
atomic components within Sy, (Overlap Penalty,
Canvas Boundary, Legibility, Separation) and
the two components within each of S}y (Density,
Distribution) and Sq (Labeling Completeness,
Animation Quality), as defined in Section 3.3 of
the main paper. Within each group, moving one
slider redistributes the remaining weight propor-
tionally among the other sliders in that group.
Two views are available: a ranking scatter plot
comparing baseline ranks against atomic-weight
ranks across all 24 configurations, and a bar
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Figure 5: Qualitative comparison on TheoremExplainAgent (Ku et al., 2025) frames. Raw output exhibits label
collisions; VLM Critic introduces additional displacement in animation-dense regions; SGA resolves addressable
overlaps while preserving relational geometry and animation primitives.

chart of AMVQS relative to the published base-
line. A dedicated Kendall 7 and pair-order
flip count track rank stability independently of
Panel 1. At published defaults, all atomic scal-
ing factors equal 1, so 7 = 1.000 exactly. A
reset button restores all atomic weights to their
published values.

7.2 Stability of Rankings under Weight
Perturbation

We vary wgp, € [0.30, 0.70] in steps of 0.05, redis-
tributing the remaining weight at the published 2:3
ratio (wyy : weq). For each weight configuration
we recompute MVQS for all 24 pipeline/backbone
rows and measure rank stability via Kendall’s 7
relative to the published ranking.

Table 3: Kendall 7 rank correlation between perturbed
and published MVQS rankings as ws, varies. Rankings
are stable (7 > 0.877) for wy, € [0.40, 0.60]; the pub-
lished value wg, = 0.50 (bold) lies at the center of this
region.

wsp Wy Weq Kendall 7 Stable (7> 0.877)
030 028 042 0.812 X
0.35 026 0.39 0.851 X
0.40 024 0.36 0.877 v
045 022 0.33 0.903 v
0.50 0.20 0.30 1.000 v
0.55 0.18 0.27 0.916 v
0.60 0.16 0.24 0.891 v
0.65 0.14 0.21 0.843 X
0.70 0.12 0.18 0.798 X

Rankings are stable (7 > 0.877) for wy, €
[0.40, 0.60], a broad region centered on the pub-
lished value of 0.50. The qualitative conclusions

of the paper therefore hold across a wide range of
spatial weight choices and are not sensitive to the
precise value used.

7.3 Sub-score Decomposition of SGA Gains

Table 4 decomposes the mean MVQS gain of SGA
over the RAW baseline into its three contributing
sub-scores, computed from 2,252 scene evalua-
tions across 4 LLM backbones on the Code2Video
pipeline. Gains concentrate in Sy, (mean +5.0 pts)
and Seq (mean +7.2 pts), with a small positive ef-
fect on S}y (mean +1.1 pts). This confirms that the
weighting scheme wgp = 0.5, weq = 0.3 correctly
prioritizes the sub-scores that benefit most from
SGA’s spatial corrections.

Table 4: Mean MVQS sub-score deltas (SGA vs. RAW)
on the Code2Video pipeline across 4 LLM backbones.
Gains concentrate in Sy, and Seq, confirming that spatial
correction and animation quality are the primary drivers
of overall MVQS improvement.

Backbone ASyp  ASy  AS.q AMVQS
GPT-5.1 +9.9 +2.8 +15.3 +10.1
GPT-5 mini +2.9 +0.8 +4.1 +2.8
Gemini 3.0 Flash +4.6 —-0.2 458 +4.0
Claude 4.6 Sonnet +2.5 +1.0 +3.7 +2.6
Mean +50 +1.1 +7.2 +4.9

8 MYVQS Component Correlation Matrix

Table 5 reports Spearman rank correlations be-
tween all pairs of MVQS sub-scores and the com-
posite, computed across the 24 pipeline/backbone
configurations in Table 1 of the main paper. This
analysis complements the cross-metric compari-
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son in Section 4.2 of the main paper, which ex-
amines correlations between MVQS and VLM-
Judge scores, and directly addresses the additivity
assumption underlying the weighted sum (Eq. 1 of
the main paper).

Table 5: Spearman p inter-component correlation matrix
(n = 24). Significance: *p < 0.05, **p < 0.01, ***p <
0.001; n.s. = not significant (p > 0.05).

Sep Sty Sed MVQS
Ssp 1.000 —0.030 n.s. +0.113 ns. +0.680™**
Sy — 1.000 —0.577* —0.286 ns.
Sed — — 1.000 +0.692***
MVQS — — — 1.000

Three findings are noteworthy. First, Sy, and Siy
are empirically independent (p = —0.030, n.s.),
indicating that spatial separation does not system-
atically reduce layout density in practice, and val-
idating the additivity assumption underlying the
weighted sum: the sub-scores measure largely or-
thogonal aspects of layout quality. Second, the
only significant inter-component dependency is
Siy—=Sed (p = —0.577, p = 0.003): denser lay-
outs increase annotation collision risk and thereby
penalize Seq. This reflects an inherent property
of the design space rather than a metric artifact.
Third, the composite MVQS is primarily driven
by Ssp and Seq (p = +0.680"** and +0.692***,
respectively), confirming that the published weight-
ing (wsp = 0.5, weqg = 0.3) correctly prioritizes
the sub-scores most sensitive to educational spa-
tial quality. The negative S;y—MVQS correlation
(p = —0.286, n.s.) is consistent with the Sjy—Seq
dependency: configurations with higher layout den-
sity tend to have more annotation collisions, de-
pressing Seq and thereby the composite, even when
Sty itself rises. The effect is non-significant and
does not affect the rank-stability conclusions.

8.1 Relationship to Human Perception

While MVQS is a deterministic engineering proxy
grounded in geometric layout axioms rather than
a direct surrogate for human judgment, its atomic
components (Soyip, Sbound> Sleg) correspond to lay-
out violations that graphic-design guidelines and
educational-media research identify as primary
readability barriers (Mayer, 2002; Sweller, 1994).
Empirical validation of the composite against ex-
pert annotation remains future work. However, the
cross-metric analysis in Section 4.2 of the main pa-
per, provides a partial bridge: the educational sub-

score Seq correlates significantly with the VLM-
Judge Educational Logic dimension (p = +0.58,
p=0.003), the only perceptual dimension that over-
laps with MVQS’s intended scope. The remaining
sub-scores (Ssp, Sty) are deliberately designed to
detect violations that perceptual critics miss, so a
low correlation with VLM dimensions is expected
rather than a validity threat.

9 Execution Completion Analysis

SGA’s fault-tolerant execution strategy wraps each
statement in the Manim construct () method in
a try-except block, allowing the pipeline to con-
tinue past runtime errors.

To verify that this fault-tolerant strategy does not
introduce measurement bias by silently suppressing
failing objects that would otherwise induce spatial
collisions, we report the scene-level completion
ratio 7 = Nok/Nprocesseds Where Nprocessed 1S the
number of scenes submitted to the pipeline and
Ny is the number successfully evaluated. Table 6
reports 7 for all 12 backbone/condition combina-
tions on the Code2Video pipeline, across 2,252
total scene evaluations.

Table 6: Scene-level completion ratio n =
Nox /Npmcessed across all backbone/condition combina-
tions. SGA achieves n = 1.000 for all four backbones;
the two VLM Critic failures are unrelated to SGA’s ob-
ject extraction.

Backbone RAW VLM Critic SGA
GPT-5.1 144/144 = 1.000 143/143=1.000  288/288 = 1.000
GPT-5 mini 151/151 =1.000 151/151=1.000  303/303 = 1.000
Gemini 3.0 Flash ~ 121/121 =1.000 121/121=1.000  242/242 = 1.000
Claude 4.6 Sonnet  147/147 = 1.000 145/147 =0.986  294/294 = 1.000
Total 563/563 = 1.000 560/562=0.996 1127/1127 = 1.000

SGA achieves 7 = 1.000 across all four back-
bones (1,127 of 1,127 scenes completed), while the
VLM Critic reaches n = 0.996 (2 failures in the
Claude 4.6 Sonnet condition). Two properties of
the pipeline design bound the risk of measurement
bias regardless of n: (1) the scene graph is ex-
tracted from the original LLM-generated code be-
fore patching (SGA only inserts .move_to() calls,
never removes objects) so any extraction incom-
pleteness affects RAW and SGA identically; (2)
omitting a misclassified object simultaneously pe-
nalizes both the overlap metric and the labeling
completeness score, preventing systematic upward
bias in MVQS.
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10 Human Evaluation: Full Protocol and
Detailed Breakdown

This appendix provides the complete evaluation
protocol, participant details, inter-rater reliability
metrics, and per-question splits for the human eval-
uation summarized in Section 4.3.

Participant Pool and Setup. We recruited 25
participants via a standardized web evaluation plat-
form. A total of 16 participants completed all video-
rating trials and 15 completed all frame-rating tri-
als, with 14 participants (56%) completing the en-
tire five-page evaluation suite. Rather than discard-
ing incomplete responses, we report results across
all validated submissions to maximize statistical
power without introducing selection bias.

Experimental Design.
into two distinct tracks:

The evaluation is split

1. Frame-Level Pairwise Comparisons (n = 45
ratings per comparison): Evaluators judged 8
pairwise frame comparisons (16 static frames to-
tal, disjoint from the video-rating set) targeting
explicit geometric errors: Overlap (element oc-
clusions) and Canvas (out-of-boundary errors).
Raters made pairwise preference judgments or
indicated a tie.

2. Video-Level Quality Ratings (n = 96 rat-
ings per comparison): Evaluators assessed
6 randomly sampled video triplets (RAW,
VLM Critic, SGA), yielding 18 distinct clips.
Each clip was rated on a 7-point Likert scale
for Readability and Pedagogical Clarity. Raters
also indicated their overall 3-way video prefer-
ence.

Two of the six video triplets (4 and ¢5) intention-
ally contained valid, semantically necessary ele-
ment overlaps to test whether each framework over-
corrects non-faulty layouts.

Inter-Rater Reliability. We measure inter-rater
agreement using Krippendorff’s « (ordinal weight-
ing, 95% bootstrap confidence intervals with 1,000
resamples) across all task types, detailed in Table 7.
Frame-level judgments show fair-to-moderate con-
sensus (o = 0.407), driven primarily by high agree-
ment on overlapping elements (o = 0.468). Video-
level metrics display weaker agreement (o« =
0.208), reflecting the higher subjective variance
in evaluating multi-second animation clips versus
static geometric defects.

Table 7: Inter-rater reliability measured via Krippen-
dorff’s a (ordinal, 95% bootstrap CI over 1,000 resam-
ples).

Evaluation Category Raters  Units

Frame Level (Pooled) 15 16

o (95% CI)
0.407 [0.287, 0.606]

Overlap 15 8 0.468 [0.326, 0.697]
Canvas 15 8 0.353[0.214, 0.566]
Video Level (Pooled) 16 36 0.208 [0.091, 0.410]
Readability 16 18 0.248[0.113, 0.456]

Pedagogical Clarity 16 18 0.161 [0.059, 0.368]

Table 8: Detailed pairwise frame-level win, loss, and tie
rates (n = 45 ratings per comparison).

Comparison Error Type Win (%) Loss (%) Tie (%)
SGAVRAW GO il 00 ad
sonwvimcme O %7 b1 a0
e O 57 7 %

Detailed Frame-Level Breakdown. Table 8 de-
composes the frame-level win rates reported in
Table 2 of the main text. SGA demonstrates its
strongest advantage over RAW on Overlap resolu-
tions (93.3%), while achieving its largest margin
over VLM Ceritic on Canvas-boundary violations
(73.3%). This reveals distinct failure modes be-
tween the baselines: while VLM Ceritic occasion-
ally resolves overlapping elements, its visual re-
prompting frequently pushes elements beyond the
canvas border, whereas SGA enforces both con-
straints simultaneously.

Video-Level Analysis and Over-Correction Case
Study. Pairwise video-level head-to-head rates
(pooled across Readability and Pedagogical Clar-
ity, n = 192 ratings per pair) are summarized in
Table 9. SGA maintains a consistent preference
margin over both baselines, though higher tie rates
(51.6% vs. RAW) indicate that motion, timing, and
narrative continuity dilute purely static spatial sig-
nals during clip-level observation.

To evaluate model resistance against false-
positive edits, we isolate the ¢4 and ¢5 intentional-
overlap trials (Table 10). Because SGA evaluates
symbolic scene graphs before applying refactor-
ing, it correctly recognizes these intentional over-
laps as semantically valid and leaves the layout
intact, maintaining high scores (e.g., 6.27 vs. 6.09
on t5 Readability). Conversely, VLM Critic misin-
terprets valid overlap as a visual error, triggering
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Table 9: Video-level paired head-to-head win rates,
pooled across Readability and Pedagogical Clarity (n =
192 ratings per comparison).

Comparison Win (%) Loss (%) Tie (%)
SGA vs. RAW 37.0 11.5 51.6
SGA vs. VLM Critic 55.2 17.7 27.1
RAW vs. VLM Critic 45.8 31.2 22.9

Table 10: Mean ratings (7-point Likert scale) on
intentional-overlap case studies (¢4, t5) testing over-
correction resistance.

Trial Metric RAW SGA VLM Critic

14 Readability 591 582 3.82
Pedagogical Clarity  5.09  5.18 3.73

5 Readability 6.09  6.27 3.64
Pedagogical Clarity  5.82  6.09 3.27

unnecessary layout modifications that degrade both
Readability (3.64) and Pedagogical Clarity (3.27).

11 Experimental Conditions and Baseline
Fairness

Both SGA and the VLM Critic were evaluated un-
der a fixed budget of n = 1 refinement iteration ap-
plied identically across all pipeline/backbone com-
binations. For each topic, the procedure is: (1)
generate initial script C(©) with backbone £; (2)
apply one round of feedback (SGA or VLM Ceritic);
(3) generate refined script C'") with the same back-
bone £; (4) evaluate CV) with both MVQS and
VLM-Judge.

The SGA scene counts in Table 11 are exactly
2x the RAW counts for every backbone (e.g., 288
vs. 144 for GPT-5.1), providing direct empirical
confirmation that each topic was processed through
exactly one generate—refine—evaluate loop.

Both methods consume exactly one LLM infer-
ence call per iteration. The only asymmetry is the
rendering cost: the VLM Ceritic requires a full ren-
dering pass (/230-90 seconds) before inference,
whereas SGA uses partial execution (<5 seconds).
This difference does not affect the number of refine-
ment steps or the information available to the back-
bone during refinement; it affects only wall-clock
latency, which is reported separately in Section 4.3
of the main paper.

VLM Critic Reproducibility. To ensure base-
line reproducibility, the VLM Critic is implemented
using the native Code2Video Critic module invoked
with its Visual Anchor Prompt. For each rendered

section video, the model receives: (i) a fixed grid
reference overlay, (ii) the section title, (iii) the se-
quence of animation steps, and (iv) the current grid-
occupancy map. The critic outputs up to three
structured layout corrections expressed as explicit
grid coordinates. This structured feedback is then
passed to the target LLM backbone £ alongside
the complete source code to complete the single
refinement pass C().

MVQS Reproducibility. MVQS is computed
deterministically from the extracted scene graph
S following Eq. (1) and the aggregation weight
vectors specified in Section 3.4 of the main text.
Specifically, the evaluation utilizes spatial compo-
nent weights wg, = [0.50,0.25,0.15,0.10], lay-
out and edge component weights wiy = Weq =
[0.40,0.60], and composite aggregation weights
{0.5,0.2,0.3}. The scoring algorithm contains
zero stochastic elements or sampling variations,
guaranteeing that repeated execution over identi-
cal scene graphs yields exact score parity. The
complete reference implementation, scoring met-
rics, and benchmark evaluation scripts are publicly
accessible via our project page.

12 SGA Algorithm Pseudocode

Algorithm 1 provides a self-contained pseudocode
summary of the SGA pipeline described in Sec-
tion 3 of the main paper.

Notation. PARTIALEXECUTE instruments
the construct() method with per-statement
try-except blocks and extracts the symbolic
scene graph S via Manim runtime instrumen-
tation, as described in Section 3.2 of the main
paper. DETECTCONFLICTS applies exact AABB
intersection analysis followed by the two-stage
semantic and spatio-temporal filter (Section 3.3).
COMPILEFEEDBACK translates the violation set
V() into a structured diagnostic report containing
pre-computed absolute target coordinates (¢, t,)
and fix_target identifiers (Section 3.4). The
SGA terminates after a fixed budget of n iterations;
in all experiments reported in the main paper,
n = 1.

13 Full Scene-Level Score Breakdown

Table 11 provides the scene-level MVQS distribu-
tions from the full Code2Video benchmark (2,252
evaluations), including per-backbone mean and
standard deviation for all three conditions. These
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Table 11: Scene-level MVQS distributions (mean = std) from the full Code2Video benchmark (2,252 evaluations).
SGA scene counts are 2X RAW because each topic produces both a pre-patch and a post-patch evaluation.

Backbone Condition Scenes n MVQS Ssp Sly Sed
RAW 144 1.000 62.9£9.8 69.9+9.5 65.2+10.6 49.7+28.4
GPT-5.1 VLM Critic 143 1.000 64.54+10.5 71.3£9.9 66.9£10.6 51.4+£29.6
SGA 288 1.000 73.0+16.3 79.8415.4 68.0+8.9 65.04+32.6
RAW 151 1.000 63.6£9.9 73.1£11.2 65.249.9 46.7£25.3
GPT-5 mini VLM Critic 151 1.000 63.5+10.2 74.2+11.8 66.3+£9.8 43.7£26.3
SGA 303 1.000 66.4+£9.0 76.0£10.7 66.0£10.3 50.8+£22.7
RAW 121 1.000 67.8412.4 78.0£16.9 64.2+10.5 53.1£25.8
Gemini 3.0 Flash VLM Critic 121 1.000 69.0+£11.5 78.8£16.2 63.7£10.0 56.1+£27.0
SGA 242 1.000 71.8+11.4 82.6£15.4 64.0£10.1 58.9+23.4
RAW 147 1.000 63.24+10.1 72.84£9.7 68.2+8.2 44.0+£28.9
Claude 4.6 Sonnet VLM Critic 147 0986 65.1+9.9 74.3+10.4 68.2+£8.8 47.8429.0
SGA 294 1.000 65.84+10.8 75.3+10.5 69.2+9.8 47.7+£29.1

Algorithm 1 SGA pipeline (single iteration). If
no violations are detected (V(9) = ), the original
script is returned unchanged, incurring no LLM
refinement cost.
Require: Topic 7', generative model £, conflict
threshold
Ensure: Refined animation script C' (1)
1: CO) « £(T) > Initial generation
2: SO « PARTIALEXECUTE(C(®)) 1 AST
instrumentation + runtime extraction
3: V(O <« DETECTCONFLICTS(S(), ¢) >
AABB overlap + semantic filter
4: if V() = () then
5. return C*)
refinement
6: end if
7. F(O) « CoMPILEFEEDBACK(V(®), §©))
MSYV vectors + fix templates
8. C) « £(T, 0", FO)
line-level refinement
9: return C()

> No violations—skip

> Targeted

scene-level distributions are consistent with the per-
configuration values reported in Table 1 of the main
paper, confirming that the 24-configuration aggre-
gate results generalize across the full benchmark
distribution.

Note on scene counts. SGA scene counts are
exactly 2x the RAW counts for every backbone
because each topic produces both a pre-patch eval-
uation of C'(*) and a post-patch evaluation of C'(1).
This design allows direct measurement of SGA’s

per-scene improvement and is consistent with the
single-iteration protocol detailed in Section 11.
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