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Figure 1: Given a sketch of a flow chart, our agent faithfully reconstructs the intended structure
while strictly following the accompanying text instructions. The system operates in an iterative
Critic–Candidates–Judge loop: a VLM critiques discrepancies between the sketch and the current
diagram, multiple LLMs propose diverse SVG modifications, and a Judge VLM selects the best can-
didate. This training-free framework enables accurate, controllable, and editable diagram generation,
moving beyond pixel-level synthesis toward structured programmatic outputs.

Abstract

We study sketch-to-diagram generation: converting rough hand sketches into
precise, compositional diagrams. Diffusion models excel at photorealism but
struggle with the spatial precision, alignment, and symbolic structure required
for flowcharts. We introduce See it. Say it. Sorted., a training-free agentic
system that couples a Vision–Language Model (VLM) with Large Language
Models (LLMs) to produce editable Scalable Vector Graphics (SVG) programs.
The system runs an iterative loop in which a Critic VLM proposes a small
set of qualitative, relational edits; multiple candidate LLMs synthesize SVG
updates with diverse strategies (conservative→aggressive, alternative, focused);
and a Judge VLM selects the best candidate, ensuring stable improvement.
This design prioritizes qualitative reasoning over brittle numerical estimates,
preserves global constraints (e.g., alignment, connectivity), and naturally supports
human-in-the-loop corrections. On 10 sketches derived from flowcharts in
published papers, our method more faithfully reconstructs layout and structure than
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two frontier closed-source image generation LLMs (GPT-5 and Gemini-2.5-Pro),
accurately composing primitives (e.g., multi-headed arrows) without inserting
unwanted text. Because outputs are programmatic SVGs, the approach is readily
extensible to presentation tools (e.g., PowerPoint) via APIs and can be specialized
with improved prompts and task-specific tools. The codebase is open-sourced at
https://github.com/hantaoZhangrichard/see_it_say_it_sorted.git.

1 Introduction

Sketch-to-diagram generation transforms rough hand-drawn sketches into precise, compositional
diagrams or flowcharts, akin to those made in tools like PowerPoint. This has broad applications in
software engineering, education, and design, particularly in collaborative settings requiring rapid
ideation and clear communication.

Diffusion-based generative models achieve high-fidelity image synthesis from text and sketches
[9, 12, 17], but struggle with the compositional reasoning and spatial precision needed for structured
diagrams. Their pixel-based diffusion process makes it difficult to maintain distinct shapes, lines, and
alignments [10, 18], and they are not easily adaptable to varying diagram sizes or fine-grained user
instructions.

Meanwhile, Vision–Language Models (VLMs) and Large Language Models (LLMs) have shown
strong 2D spatial reasoning [1, 14, 15]. Agentic VLM+LLM systems have been applied to visual-
feedback tasks like 3D graphics editing [4, 6], part assembly [16], and scene generation [5], with
the VLM acting as critic and the LLM generating code. Other works train transformers to produce
graphics formats like Scalable Vector Graphics (SVG) and Constructive Solid Geometry (CSG)
[2, 8, 13], though these lack the generalization of frontier VLMs.

We introduce a training-free VLM+LLM agentic system, See it. Say it. Sorted., which interprets
sketches and text instructions to produce editable SVG diagrams. Compared to diffusion methods,
our approach offers:

• Adaptability: Handles varying sizes and complexities without retraining.

• Human-in-the-loop: Allows iterative refinement at any stage.

• Interpretability: Outputs object-based, modifiable SVG code.

These properties make our approach highly extensible to real-world graphics design environments,
such as PowerPoint or Google Slides, by integrating with their APIs. As a proof-of-concept, our
work demonstrates how an agentic system can serve as a foundation for compositional graphics
design—moving beyond pixel-level synthesis toward structured, controllable, and user-centric work-
flows. The framework can be further specialized through refined prompt design and the integration of
pre-built, task-specific tools, enabling tailored solutions for a wide range of application domains.

2 See it. Say it. Sorted.

We present our agentic system for sketch-to-diagram generation and evaluate its effectiveness on
SVG graphics generation. We only equip our agent with minimal set of primitive shapes and color
palette, details shown in Appendix A.2. Given this limitation, our agent is still able to faithfully
reconstruct the sketch image. Our results are compared against other image generation methods using
10 sketches derived from flowcharts in real published papers.

Initial program. The Critic VLM examines the target sketch and describes it in terms of available
primitives, including approximate positions, sizes, and colors. This qualitative description is passed
to an LLM, which generates an initial SVG expression as the starting point for refinement.

See it. Say it. At each optimization step, the Critic VLM compares the target and current images,
then: 1. Gives a high-level scene description; 2. Identifies 1–3 key discrepancies; 3. Suggests targeted
modifications.
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Figure 2: Pipeline of See it. Say it. Sorted. for one optimization step: The Critic VLM compares
the target sketch and the current image and identifies few small modifications, passing to LLM.
Given VLM’s instructions, LLM generates several candidates that balances exploration-exploitation
trade-off. These candidates are rendered and evaluated together with the current image by the Judge
VLM. Judge VLM decides which one best reconstruct the sketch. If the current image is chosen, then
the optimization is reverted and Critic VLM receives feedback of failed modifications. If one of the
candidates is chosen then proceed to next optimization step.

This prompting strategy follows two design principles:

(i) Limiting modifications per step. Restricting the VLM to only a few changes per iteration helps
stabilize the optimization process. Without this constraint, VLMs often produce large sets of
suggestions, mixing correct and incorrect ones. Applying all changes at once can cause the generated
image to oscillate between suboptimal states.

(ii) Emphasizing qualitative over quantitative descriptions. Rather than requesting exact coordinates
or dimensions, we instruct the VLM to express relative spatial and size relationships, referencing
other primitives or the canvas as anchors (e.g., “The width should be about half the canvas; the size
should be doubled; the blue rectangle should just touch the red circle on its left.”). This choice is
motivated by:

• VLMs are more reliable at describing qualitative relations than at estimating precise numeri-
cal values [3].

• The generated image evolves over time, with primitives moving, being added, or removed,
making a fixed external ID mapping unreliable.

• Qualitative references provide richer contextual cues, enabling the LLM to identify the
intended primitive more accurately.

• This approach gives the LLM greater flexibility in exploring the solution space, avoiding
overly rigid adherence to potentially inaccurate quantitative instructions.

Sorted. Given the VLM’s feedback, multiple LLMs generate candidate SVGs in JSON format
following the grammar specified in A.2 using distinct strategies (e.g., conservative, moderate, aggres-
sive, alternative, focused) to balance exploration and exploitation. LLMs are instructed to respect the
VLM’s general description to maintain global constraints such as alignment and connectivity. These
candidates are then rendered into images, passing to the Judge VLM.

The Judge VLM evaluates the candidates and current image, selecting the one that best matches
the sketch. If no candidate improves the result, the step is reverted and the Critic VLM revises its
suggestions. This loop of critique, diverse modification, and selection enables stable convergence
toward the target diagram.

3 Experiment Results

We evaluated our agent on 10 sketch images inspired by flowcharts from real published papers. Each
sketch was accompanied by a single text instruction: “Stick to the text instruction shown on the image.
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Figure 3: Our agent faithfully generates flow charts based on the sketch within 3 optimization steps,
significantly outperforming GPT-5 and Gemini-2.5-Pro at preserving the structure and characteristics
of the diagram. For the complete comparison for all 10 tasks, see Appendix 1.

The color text refers to the fill color. Do not include any text in the final diagram.”. In all experiments,
we used Gemini-2.5-Pro as Critic VLM and Judge VLM and Gemini-2.5-Flash as the LLM.

Figure 3 compares our system against two frontier closed-source image generation models: GPT-5 and
Gemini-2.5-Pro. Our agent consistently reconstructs the structure depicted in the sketch, maintaining
precise horizontal and vertical alignments between blocks. Notably, it can use fundamental primitives
(e.g., rectangles, triangles) to compose arrows, including complex multi-headed arrows with correct
orientations.

In contrast, GPT-5 often misses key structural details—for example, omitting an entire cluster of
purple blocks (top-row example) or producing an incorrect number of arrowheads (bottom-row
example). Gemini-2.5-Pro exhibits more severe failures, frequently generating layouts that diverge
from the sketch. Even when explicitly instructed that the text in the sketch only indicates fill colors
and should not appear in the final diagram, Gemini repeatedly inserts text into blocks.

4 Discussion

We presented See it. Say it. Sorted., a training-free VLM+LLM agentic system that transforms hand-
drawn sketches into structured, editable SVG diagrams through an iterative Critic–Candidates–Judge
loop. By emphasizing qualitative, relational feedback rather than brittle numerical estimates, the
method preserves global structural constraints such as alignment and connectivity while enabling
precise local refinements, outperforming frontier image LLMs in faithfully reconstructing composi-
tional layouts. Because outputs are programmatic, the system is inherently extensible to real-world
graphics design environments such as PowerPoint or Google Slides via APIs, and can incorporate
additional computer graphics utilities—e.g., auto-layout, snapping, arrow libraries, style transfer—to
expand aesthetic control while maintaining semantic correctness. As VLMs and LLMs continue
to advance, the same architecture will naturally improve without retraining, offering increasing
accuracy and efficiency. In current experiments, the primary bottleneck lies in the Critic VLM, which
occasionally produces imprecise or inappropriate suggestions that can lead to worse candidates;
this is mitigated by the Judge VLM, which filters regressions and ensures optimization stability.
Beyond this application, VLM-based judging [19] represents a promising approach for broader
agentic systems and reinforcement learning in visual domains, but systematic evaluations of judge
reliability—covering calibration, robustness, and domain generalization—are needed. Looking ahead,
the qualitative-critique → multi-strategy synthesis → judging loop underlying our method could
extend naturally to 3D tasks such as part assembly, scene layout [11], and CAD editing [7], leveraging
recent advances in 3D spatial reasoning.
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A Appendix

A.1 Comparison with Frontier Models

Sketch See it. Say it. Sorted. GPT-5 Gemini-2.5-Pro

Table 1: Task 1-5
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Sketch See it. Say it. Sorted. GPT-5 Gemini-2.5-Pro

Table 2: Task 6-10
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A.2 SVG Grammar

Listing 1: SVG grammar� �
Canvas

size: {canvas_width} x {canvas_height} # pixels (width x height)
coords: origin (0,0) top-left; +x right; +y down
positioning: (x,y) = center of shape

Types
<type> := "circle" | "rectangle" | "ellipse" | "triangle"

Colors (lowercase only)
<color> := "red"|"green"|"blue"|"yellow"|"purple"|"orange"|"black"|"white"|"none"
# "none" disables fill or stroke respectively

Shape Object
{

"shape_type": <type>, # required
"x": <num>=0, "y": <num>=0, # center position (px)
"scale_x": <num>=1, "scale_y": <num>=1, # width/height; for circle/
ellipse: diameters
"fill_color": <color>="none", # fill color (use "none" for
no fill)
"stroke_color": <color>="black", # stroke color (use "none" for
no stroke)

"stroke_width": <num>=1, # stroke thickness (px)
"rotation": <num>=0 # degrees, clockwise; triangle
0 degree points up

}

Output (JSON)
{

"shapes": [ <Shape Object>, <Shape Object>, ... ]
}� �
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