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Fig. 1: Retrieval-time process reasoning for procedural materials. (Top) Rather
than synthesizing material graphs directly, our approach reasons over process traces
derived from expert demonstrations (e.g., tutorial videos), capturing procedural sequenc-
ing, physical intuition, and compositional design strategies used by artists. (Bottom)
This process-centric reasoning enables diverse material creation tasks, including text-to-
material generation (left), image-conditioned synthesis (center), and text-based editing
(right). Across tasks, materials produced through process reasoning align more closely
with user intent and exhibit stronger visual fidelity than prior graph-only methods such

as BlenderMCP , VLMaterial \ , and BlenderAlchemy .

Abstract. Procedural material creation underpins applications in digital
content creation, visual effects, and 3D asset design. Achieving high-
quality results requires more than reproducing node graphs—it demands
understanding the process by which experts construct materials. We for-
mulate procedural material generation as retrieval-time process reasoning
over expert demonstrations, elevating process to a first-class represen-
tation beyond graph-only synthesis. Concretely, we represent expert
workflows as process traces: textual records of construction steps, param-
eters, and design intent. To instantiate this idea, we use a pretrained
LLM-based PROCESSSYNTHESIZER to synthesize a process trace aligned
with a user’s intent and a pretrained LLM-based COMPILER to ground
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the process trace into an executable Blender material graph. Because
procedural expertise is most naturally conveyed through demonstrations,
we leverage tutorial videos as a source of process knowledge and extract
textual, LLM-compatible traces using automated video analysis tools.
In an expert study with five Blender artists (avg. 7.5 years of expe-
rience), materials generated by reflecting expert demonstrations were
found to produce workflows requiring fewer edits, and more closely match
professional design strategies than methods operating solely on static
artifacts. A user study with 150 participants further shows that our
approach achieves superior generation and editing performance compared
to prior procedural systems. All code, models, and data will be available
at https://materialapprentice.github.1o.
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1 Introduction

Procedural materials power the visual surfaces of films, games, product design,
and virtual worlds by encoding appearance as parameterized node graphs rather
than fixed bitmaps. Their flexibility makes them essential for scalable, editable,
and physically consistent asset creation. Yet crafting these materials remains
specialist work: experienced artists rely on visual intuition, procedural reasoning,
and domain-specific workflows. Both aspiring and established creators continually
refine their craft by observing how experts layer textures, tune parameters, and
reason about physical effects. Such demonstrations convey process knowledge
that extends far beyond the final graph. Figure [] illustrates our central premise:
material generation should reflect the process expertise artists use when con-
structing procedural materials. Current methods, even when trained on large
procedural material datasets, operate in isolation at inference time: they generate
materials but do not incorporate such expertise into the generation.

If process knowledge is central to high-quality material design, how can
it be reflected automatically during generation? We address this by framing
procedural material generation as retrieval-time process reasoning. We introduce
Material Apprentice, a multimodal framework that integrates expert-derived
process traces into the generative loop. Rather than operating solely in graph
space, Material Apprentice retrieves relevant traces, synthesizes a target trace
aligned with the user’s intent, and grounds it into an executable material graph. As
illustrated in Fig. 2] Material Apprentice distinguishes three representations:
a process trace, which records construction steps, parameters, and design intent;
a material graph, the executable shader-node layout compiled from the trace;
and a procedural material, the resulting editable shader asset. Treating process
traces as a first-class representation provides a foundation for higher-quality,
more editable material generation.

Expert procedural knowledge is typically acquired by observing skilled artists
as they construct materials. In practice, this expertise is often externalized through
tutorial videos, which provide a temporally ordered and multimodal record of the
creation process: the evolving node graph, parameter adjustments, synchronized
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Fig. 2: Three representations used in MaterialApprentice. A process trace
gives artist-like construction steps with concrete parameters and design intent. The trace
is compiled into a material graph, an executable shader structure. Executing the graph
instantiates a procedural material with editable controls and rendered appearances.

narration explaining intent, and visual focus on individual operations. These
signals indicate not only the final artifact but the reasoning trajectory behind it.

In our setting, we approximate this observational learning by analyzing
Blender tutorial videos and extracting structured, agent-friendly process traces
using automated video analysis tools. Rather than forming a training dataset,
these traces serve as demonstrations retrieved at inference time. In practice, only
a small number of relevant exemplars is sufficient to guide synthesis, forming a
lightweight knowledge base for retrieval-time reasoning.

Technically, we instantiate retrieval-time process reasoning through a retrieval-
augmented large language model (LLM) framework. Given a user query, Mate-
rial Apprentice retrieves relevant process traces and conditions a pretrained
LLM-based ProcessSynthesizer to synthesize a process trace aligned with the
intended material. This trace is then grounded into an executable representation
with a pretrained LLM-based Compiler (differing only in prompting), which
translates it into a structured material graph implemented using Blender shader
nodes. This design separates reasoning from execution while integrating process-
level conditioning directly into the generative loop. Importantly, beyond one-shot
synthesis, Material Apprentice can also demonstrate the process, producing
step-by-step constructions that mirror expert workflows and support structured
editing. In contrast, prior systems such as VLMaterial [15], BlenderAlchemy |[11],
and Blender-MCP [2] are limited to operation in graph space.

We evaluate Material Apprentice on a suite of Blender material creation
tasks, including multimodal material generation and text-driven editing. Across
quantitative metrics and perceptual studies, Material Apprentice consistently
outperforms VLMaterial [15], BlenderAlchemy [11], and Blender-MCP [2]. In
addition, a study with experienced Blender artists shows that process traces
generated by Material Apprentice more closely follow expert constructions
and require fewer manual edits than alternatives.

In summary, we frame procedural material generation as retrieval-time process
reasoning over expert demonstrations. Our contributions are:

— A formulation of procedural material generation as retrieval-time process
reasoning, elevating process to a first-class representation beyond graphs.

— A retrieval-augmented architecture with an explicit process-trace represen-
tation and compiler that separate reasoning from execution and ground
generated traces into executable Blender shader graphs.
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