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Fig. 1: Capabilities of AGE. Our framework enables a wide range of interactive 3D
Gaussian editing tasks. Top: Multi-turn interaction where the system handles object
insertion and global style transfer while supporting backtracking to correct errors.
Middle: Execution of complex and ambiguous instructions. Bottom: Diverse editing
needs including image-based style transfer and geometry deformation. AGE maintains
long-term coherence and geometric consistency across all these scenarios.

Abstract. 3D Gaussian editing has recently attracted increasing atten-
tion with the rapid adoption of 3D Gaussian Splatting (3DGS). However,
most existing approaches assume static user intent and rely on fixed exe-
cution pipelines. By treating editing as a one-shot operation, these meth-
ods are fundamentally limited due to the lack of interactive feedback
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loops, insufficient 3D spatial reasoning, and poor generalization across
diverse tasks. We present AGE, a multi-agent framework for continual
and flexible 3D Gaussian editing that reformulates the task as a long-
horizon decision-making process. Instead of executing edits in a single
pass, AGE decomposes complex user goals through a dedicated planning
agent and progressively applies modular editing skills. To enable reliable
multi-turn interaction, we introduce a structured memory mechanism
that records editing histories, perceptual feedback, and prior decisions,
allowing the system to maintain long-term coherence, prevent destructive
modifications, and support backtracking. We further integrate 3D per-
ceptual analysis into both the planning and reflection agents, explicitly
grounding decisions in geometric and structural cues rather than rely-
ing solely on 2D understanding. Extensive experiments demonstrate that
AGE achieves robust, controllable, and coherent editing across diverse
and challenging tasks, significantly outperforming existing pipeline-based
approaches.

Keywords: 3D Gaussian Editing - Multi-agent System - Structured
Memory

1 Introduction

The rapid advancement of neural scene representations has fundamentally re-
shaped the landscape of 3D content creation . Among recent break-
throughs, 3D Gaussian Splatting (3DGS) has emerged as a highly efficient and
expressive representation for real-time rendering and reconstruction . Be-
yond reconstruction, its explicit and editable representation naturally facilitates
direct manipulation in Gaussian space, giving rise to the task of 3D Gaussian
editing—modifying geometry, appearance, and semantics within a reconstructed
scene . This capability is increasingly critical for immersive content cre-
ation, virtual reality, and digital asset production .

Despite promising progress, existing 3D Gaussian editing methods remain
fundamentally limited in their formulation. Most approaches adopt pipeline-
based paradigms that treat editing as a one-shot transformation: a user in-
struction is mapped to a predefined sequence of operations, producing a final
result in a single pass [8l[11}[49./53]. While such designs can yield visually plausi-
ble outputs under constrained settings, they implicitly assume that user intent
is fully specified and conforms to predefined task templates . However,
real-world editing is inherently complex and interactive. User instructions are
often ambiguous, evolving, or multi-stage in nature . Furthermore, cur-
rent systems typically lack explicit 3D spatial reasoning, limiting their ability to
handle multi-object coordination, geometry-aware transformations, or spatially
consistent modifications. These shortcomings become particularly pronounced in
long-horizon editing scenarios, where multiple sequential operations must remain
coherent over time.

To address these challenges, we propose AGE, a multi-agent framework that
reconceptualizes 3D Gaussian editing as an adaptive, long-horizon, interactive
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decision-making process rather than a static execution pipeline. Inspired by col-
laborative human workflows [9,21,27,[38], AGE decomposes complex editing
objectives into coordinated subtasks managed by specialized agents. A dedi-
cated planning agent interprets user intent and generates structured, step-by-
step strategies. Subsequently, the skill executor agent performs atomic Gaussian
editing operations, enabling compositionality and reuse across diverse tasks. A
reflector agent evaluates intermediate outcomes and revises future plans in col-
laboration with the backtracker agent when inconsistencies or undesired effects
are detected. Together, these agents establish a closed-loop 3D Gaussian editing
paradigm.

Central to our framework is a structured memory mechanism designed for
continual editing. Instead of processing each instruction independently, AGE
maintains an explicit record of editing history, perceptual observations, and prior
decisions. This stateful design enables coherent multi-turn interaction and sup-
ports backtracking when necessary. By modeling editing as a sequential decision
process over a persistent scene state, the system achieves long-term consistency
across complex transformation chains. Crucially, AGE incorporates explicit 3D
perceptual grounding into both planning and reflection stages. Agents reason
directly over geometric attributes such as spatial distributions, depth relation-
ships, and object scales. This geometry-aware reasoning significantly enhances
robustness in tasks involving spatial rearrangement, object-level manipulation,
and coordinated multi-object editing. As a result, AGE provides a controllable
and adaptive editing framework capable of dynamically responding to user feed-
back while preserving global scene consistency.

Existing benchmarks for 3D Gaussian editing are limited in scope, primarily
focusing on simple, single-step instructions. To better assess real-world appli-
cability, we construct a more comprehensive benchmark that includes not only
standard editing tasks, but also complex multi-step instructions, ambiguous com-
mands, and multi-turn interactive scenarios. Extensive experiments demonstrate
that AGE consistently outperforms existing pipeline-based methods in terms of
robustness, controllability, and long-term coherence.

Our main contributions are summarized as follows:

— We extend 3D Gaussian editing to an adaptive, long-horizon interactive
decision-making problem, moving beyond static pipeline-based execution.

— We introduce AGE, a spatially coordinated multi-agent framework with
the closed-loop planning-execution-reflection-backtracking mechanism and
modular editing skills.

— We propose a structured memory design with explicit 3D-grounded per-
ceptual reasoning, enabling coherent multi-turn interaction and improved
geometric awareness.

— We construct a comprehensive benchmark for 3D Gaussian editing cover-
ing complex, ambiguous, and multi-turn instructions, and show significant
improvements over prior methods in extensive experiments.
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2 Related Work

2.1 3D Gaussian Editing

3D Gaussian Splatting (3DGS) [19] enables efficient real-time neural rendering
with explicit scene primitives. By directly representing geometry and appearance
using structured 3D Gaussians, it supports intuitive 3D scene manipulation |39].
Existing 3D Gaussian editing approaches predominantly follow pipeline-based
paradigms |26},/40]. Given a user instruction, these systems map it to a prede-
fined sequence of operations, such as region selection, attribute modification,
geometric transformation, or optimization-based refinement, and produce the
edited result in a fixed execution pass |5}33,47,[49,50]. Several methods further
incorporate 2D foundation models for semantic localization or text-driven guid-
ance and project image-space supervision back into the 3D Gaussian representa-
tion |17)/29}/48//58|. While these approaches achieve promising results for localized
and appearance-level edits, the inherent complexity of 3D editing, coupled with
the limited capabilities of foundation models, restricts existing methods to a
fixed set of editing types. Moreover, the editing process typically lacks flexibility
and adaptability once the execution pipeline is determined. Recent studies 3]
have started to incorporate intelligent decision-making paradigms into 3D Gaus-
sian editing. However, the lack of memory systems and feedback mechanisms,
along with rigid workflows, still results in limited flexibility in current editing
systems. In contrast to treating editing as a one-step transformation, we refor-
mulate 3D Gaussian editing as a long-horizon decision-making process over a
persistent scene state. This perspective enables continual interaction, structured
reasoning, and dynamic adjustment throughout the editing process.

2.2 Multi-agent System

Recent advances in large language models (LLMs) have facilitated the emergence
of agentic systems capable of structured reasoning and tool use [18}/32,/41/[51}/57].
Early single-agent frameworks address complex tasks through chain-of-thought
reasoning [51], while subsequent work introduced planner—executor architectures
to improve modularity and robustness in long-horizon scenarios |28}42]. Multi-
agent systems further enhance reliability and scalability by assigning special-
ized roles such as planning, execution, and reflection, while enabling collabora-
tive decision-making [25,/38,54]. Memory-augmented agents maintain contextual
state across interactions [24,36,/37], while reflection mechanisms revise plans
based on intermediate outcomes, significantly improving performance in itera-
tive and sequential tasks [31},43|. Despite rapid progress in agentic frameworks,
their application to 3D scene editing remains largely underexplored. Even when
LLMs are incorporated for instruction parsing and region selection [8,/47], they
are often limited to front-end translation modules rather than functioning as
components within a flexible architecture. Our work bridges this gap by embed-
ding a spatially grounded multi-agent framework directly into the 3D Gaussian
editing process.
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Fig. 2: Overview of the AGE framework. The system reformulates 3D Gaussian editing
as a long-horizon sequential decision-making process. Given a source 3D scene and user
instructions, the Planner decomposes the goal into a structured plan. The Executor
then invokes specific skills from the library. Post-execution, the Reflector evaluates the
results against user intent, triggering either a “self-check” completion or a re-planning
request. If errors occur, the Backtracker identifies the optimal re-entry point. All agents
are coordinated by a Structured Spatially-Aware Memory that maintains systematic
spatial information, turn-level context, and global metadata to ensure reversible and
coherent edits.

3 Method

3.1 Problem Formulation

Traditional 3D Gaussian editing approaches typically adopt a one-shot pipeline
paradigm. Given an initial scene G and a user instruction I, these methods aim
to find a mapping function f such that:

g :f(gvl)’ (1)

where f usually represents a fixed, predefined sequence of operations, such as
first performing 2D edits and then projecting them into 3D, or using 3D diffusion
to invert the target object and then re-generate it under the constraints of the
editing instruction. However, this formulation assumes that user intent is static
and fully specified, which fails to capture the inherently ambiguous and iterative
nature of real-world editing.
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To address these limitations, we reformulate 3D Gaussian editing as a long-
horizon sequential decision-making problem over a persistent scene state. Instead
of a single transformation, we define the process as a sequence of interactions
over T' discrete steps. At each step t € {0,1,...,7 — 1}, the system takes the
current scene state G;, a user instruction I;, and a structured memory M; as
input to produce the next state:

Git1, Myp1 = F(Gy, I, My), (2)

where F denotes the AGE framework and M represents the stateful memory
bank that evolves throughout the editing process. Under this formulation, the
objective consists of three dimensions:

— Instruction Following: The final scene Gy must precisely satisfy the cu-
mulative intent expressed in the sequence of instructions {I;}7_,.

— Visual Fidelity: The edited 3D Gaussians must maintain high-quality ren-
dering performance and aesthetic appeal.

— Long-term Coherence: Modifications must remain consistent across mul-
tiple turns, preventing misunderstandings of the current instructions caused
by forgetting the earlier editing process.

Notably, the traditional pipeline-based approach can be viewed as a degener-
ate case of our framework where 7' = 1 and no memory or reflection mechanisms
are maintained. By treating the task as a sequential decision process, AGE en-
ables interactive feedback loops and complex, multi-stage transformations that
are beyond the reach of static pipelines.

3.2 Overview of AGE

Building upon the sequential decision-making formulation introduced in Sec.
we present AGE, a spatially-coordinated multi-agent framework tailored for long-
horizon and interactive 3D Gaussian editing. As illustrated in Fig. [2] the system
orchestrates four specialized agents, namely the Planner (P), Executor (E), Re-
flector (R), and Backtracker (B), to iteratively refine the scene state through a
collaborative paradigm of planning, execution, reflection, and state revision.

Formally, given the current scene G;, user instruction I, and the structured
memory M, at step t, the framework operates through the following coordinated
sequence:

,PtaM?:P(gtaIt»Mt)» s.t. Py :{(S(t)vjt())v(3%7[13)7"'7(5?a‘[?)}7 (3)

gt—i—thG = HE(th7Séalgva)7 s.t. gl? = gt’ (4)
i=0
Riv1, MY = R(Gei1, L1, MY°), (5)

Biy1, M1 = B(Gygr, L1, MET), (6)
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where si and I} denote the skill to be invoked and the corresponding atomic
instruction in the i-th step of the editing plan P, respectively. Riy1 and B11q
represent the results inferred by the Reflector and the Backtracker based on the
context, which can be used to update the memory repository and further guide
subsequent editing processes. The system initializes with My = @.

A key innovation of our framework is the stateful memory mechanism M,
which is not a passive data store but a dynamic repository updated by each
agent during their respective operations. This allows agents to adaptively extract
historical context and spatial priors to inform their decisions. Furthermore, the
framework supports an autonomous self-check mode, where the instruction I,
is internally set to verification prompts (e.g., “Verify if the editing is complete”)
to ensure high-fidelity convergence.

3.3 Spatially-Coordinated Multi-Agents

Unlike prior methods that treat language parsing as a simplistic front-end mod-
ule, AGE embeds 3D spatial reasoning directly into each agent’s decision-making
process. By leveraging chain-of-thought reasoning with Multimodal Large Lan-
guage Models (MLLMs), our framework ensures that every action is grounded
in the geometric and semantic context of the 3D scene.

Planning Agent: Hierarchical Task Decomposition The Planner P serves
as the strategic core of the framework, responsible for decomposing high-level,
often ambiguous user instructions I; into a structured sequence of atomic editing
goals. This process follows a two-stage “perceive-then-plan” paradigm. (i) Adap-
tive Perceptual Selection: To mitigate the interference of irrelevant background
information, the Planner first performs dense perception across the scene. It
adaptively selects K views that are most relevant to the current instruction,
ensuring that subsequent reasoning is focused on the critical 3D regions. (ii)
Editing Strategy Generation: The Planner retrieves descriptions from the Skill
Library (as shown in Fig.|3) and synthesizes a step-by-step plan P;. To maintain
planning accuracy, the Planner solely retrieves the description of each skill. If the
current turn is triggered by a failure identified by the Reflector or Backtracker,
the Planner explicitly incorporates the “reflection thoughts” from the memory
M to refine its strategy and avoid prior errors.

Skill Executor Agent: Atomic Skill Invocation The Executor E is tasked
with the sequential implementation of the plan P;. For each step i, it functions
as a precision-oriented operator that maps atomic instructions If to specific
parameterizations of the selected skill s.

To maintain spatial consistency, the Executor does not operate in isolation; it
continuously queries the Systematic Spatial Information stored in memory M.
By considering historical coordinate transformations and summarized spatial
constraints (e.g., relative object scales and orientations), the Executor ensures
that new Gaussians or modifications are seamlessly integrated into the existing
3D structure.
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Reflection and Backtracking: The Closed-loop Feedback To ensure high-
fidelity convergence and long-term coherence, we introduce a collaborative mech-
anism between the Reflector R and the Backtracker B.

The Reflector serves as a supervisory module that evaluates the delta between
the current scene state and the user’s objectives to determine the downstream
workflow. It first assesses whether the editing process has reached convergence;
termination is triggered either by explicit user approval or when an internal
MLLM-based verification confirms that all instructions have been successfully
fulfilled. If the current results exhibit discrepancies identified through negative
user feedback or internal self-checks, the Reflector must decide the optimal cor-
rection strategy. Specifically, it adjudicates whether the failure warrants a global
strategic re-planning by the Planner or a targeted re-execution of specific, erro-
neous steps within the previous turn’s skill invocation sequence.

When re-execution is deemed necessary, the Backtracker determines the opti-
mal entry point for modification. It generates concrete corrective strategies (e.g.,
“re-locate the object 0.2 units lower”) and injects these as backtrack hints into
the memory. This feedback loop allows the Executor to improve its skill invoca-
tion in the subsequent attempt, effectively correcting spatial errors or semantic
misalignments.

3.4 Structured Spatially-Aware Memory

To maintain long-term coherence and facilitate precise 3D reasoning across mul-
tiple interaction turns, we design a Structured Spatially-Aware Memory (M).
Unlike passive data stores, M serves as a dynamic state repository that encodes
geometric priors, execution histories, and perceptual feedback. As illustrated in
Fig. 2] the memory bank is organized into three hierarchical components:

— Systematic Spatial Information: This part maintains the system’s dy-
namic 3D understanding of the global environment. It encapsulates: (i)
Adaptive Viewport Priors: Results from the Planner’s adaptive perceptual
selection, ensuring that future reasoning steps are grounded in the most
relevant visual contexts. (ii) Geometric Constraints: 3D spatial boundaries,
relative object scales, and orientation priors synthesized by the Reflector.
These spatial priors are continuously queried by the Executor to ensure that
newly generated or modified Gaussians are seamlessly integrated into the
existing scene structure, preventing geometric misalignments.

— Turn-level Context: To support complex multi-turn interactions and error
recovery, we store interaction data at two granularities. (i) Turn Captions:
High-level summaries of each interaction turn, including the user’s cumula-
tive intent and the turn number. These captions serve as “anchor points” for
the Backtracker when a strategic retreat to a much earlier state is required.
(ii) Per-step Execution States: Fine-grained logs of atomic skill invocations
within a single turn. This allows the system to perform “surgical” re-editing
by re-executing only specific erroneous steps identified by the Reflector, with-
out discarding the progress of the entire turn.
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— Global Metadata Repository: This repository functions as a persistent
archive of the 3D scene’s metadata across the editing trajectory. By storing
indexed links to the 3D Gaussian parameters and scene states at each step 1,
the system can render intermediate results to provide multimodal feedback
for the agents’ internal reasoning or allowing the user to observe the evolution
of the 3D scene in real-time.

By modeling the editing process as a sequential decision-making task over
this stateful memory M, AGE effectively bypasses the limitations of one-shot
pipelines, achieving robust and reversible 3D manipulations.

3.5 Skill Library: Modular Action Space

The Skill Library (S) defines the functional boundary of AGE, serving as the
interface between high-level agent reasoning and low-level 3D Gaussian manip-
ulations. Rather than employing a monolithic editing model, we decompose the
action space into a set of specialized, reusable skills, each backed by a collection
of atomic tools from our underlying Toolbox. As illustrated in Fig. [3] this design
enables complex cross-tool composition to fulfill diverse editing needs.

To ensure that the multi-agent system can precisely invoke and correct these
actions, each skill s € S is defined by a rigorous schema containing the following
key attributes:

— Functional Metadata (name, description): These provide the semantic
identity of the skill, allowing the Planner to match user intent with available
capabilities. For instance, the ‘Add’ skill is described as a generator that
inserts new 3D assets into a specified context.

— Execution Interface (args_schema, runner): The args_schema defines
the required input parameters (e.g., 3D coordinates, scale factors, or text
prompts) in a structured format. The runner serves as the concrete execu-
tion handle, invoking the corresponding software pipeline to modify the 3D
Gaussian scene state.

— Reasoning Guidance (arg_hints, arg_examples): To improve the zero-
shot planning accuracy of MLLMs, we provide explicit constraints and logic
examples. These hints prevent common failures, such as generating objects
with insufficient 3D priors or using incorrect coordinate frames.

— Self-Correction Support (backtrack_hint_guidance): This is a critical
innovation of our framework that enables the closed-loop feedback mecha-
nism. It provides the Backtracker with a specialized knowledge base on how
to adjust parameters if the initial execution fails (e.g., providing specific logic
for shifting objects along the z-axis to correct floating artifacts).

By decoupling the high-level planning from the specific implementation of
editing tools, the Skill Library ensures that AGE is inherently extensible. New
editing capabilities (e.g., physics simulation or advanced material editing) can
be integrated by simply adding a new skill entry to the repository.
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name="add",

description="Generate a new object/asset according to prompt and insert it into the scene. (If the insertion position is
determined by a reference object, the reference object must be located first.)",

args_schema=AddArgs,

runner=add skill runner,

arg_hints=("Constraints:"
""-generate_prompt: A prompt abstracted from sub-instruction and BACKTRACK_HINT to generate a reference image."
"-placement_position: A 3D coordinate list [X, y, z] representing the center of the object."
"-scale: A floating-point number representing the uniform scaling factor of the object. Defaults to 1.0."

"Guidance:"

"- For optimal processing by the 3D generator, the subject within the reference image must exhibit a strong sense of
three-dimensionality and be placed against a clean background."
"- When explicit coordinates or scale are present in the sub-instruction or HINT, extract them exactly as written; do not
infer or approximate."
"- Otherwise, ..."),

arg_examples=[{"generate_prompt": "A cute sitting Golden Retriever, 3D style, clean background.", "placement_position":
[-0.8, 0.0, -0.5], "scale": 1.5},],

backtrack_hint_guidance={"guidance": (
"- “placement_position" represents the [x, y, z] coordinates for the object's placement."
"'- The z-axis is perpendicular to the ground; to place an object 'higher', increase the z-coordinate."
"L,

"hint_examples": (

"- The generated coffee cup looks too small on the table. The original scale was 1.0; a suitable scale for re-editing is 1.3.
As the user made no requests to modify the object's position, the original placement position provided in
ARTIFACTS_SNAPSHOT is retained.")}

Fig. 3: Skill Library and Modular Action Space. AGE decouples high-level reasoning
from low-level execution through a modular Skill Library. Each skill is an interface that
maps to specific tools in the toolbox. A skill definition includes Functional Metadata for
planning, an Execution Interface for parameterization, Reasoning Guidance to provide
MLLMs with few-shot examples, and Self-Correction Support to guide the Backtracker
in adjusting parameters after failed attempts. This design ensures the framework is
extensible and robust to complex instruction parameterization.

4 Experiments

4.1 Experimental Setup

Implementation Details. The proposed AGE framework relies on a multi-
agent system driven by Qwen3-VL-30B as the core cognitive engine for the
Planner and Reflector, and DeepSeek-R1-32B as the cognitive engine for
the Executor and Backtracker. To ensure consistent and stable reasoning, the
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MLLMs are deployed via vLLM [22] with the generation temperature set to 0.02.
The orchestration and communication between these agents are implemented
using LangGraph [46]. Our Skill Library integrates a suite of state-of-the-art
foundation models and vision tools, such as SAM [20] for precise segmentation,
FLUX [23] for asset generation, and InstructPix2Pix |3| for style transfer. K is
set to 8, and all execution phases are conducted on a single NVIDIA A100 GPU.

Dataset. We construct a diverse benchmark comprising 57 distinct editing sce-
narios, categorized into four subsets. (i) Common Instructions (20 scenarios):
Standard tasks commonly employed in other 3D Gaussian editing literature. (ii)
Complex/Ambiguous Instructions (20 scenarios): Scenarios with abstract
or high-level semantics that require advanced spatial reasoning and multi-step
task decomposition. (iii) Multimodal Auxiliary Inputs (10 scenarios): Tasks
where instructions are augmented with multimodal guidance, such as reference
images or click-and-drag information. (iv) Multi-turn Interactions (7 scenar-
ios): Prolonged editing sequences featuring continuous user feedback, requiring
the system to maintain long-term coherence and actively support backtracking.
More details are provided in the Appendix.

Metrics. Following |15] and [6], we compute the CLIP Text-Image Direction
Similarity (Cs;;,) and CLIP Direction Consistency (Ceop,). Additionally, we con-
duct the Image Aesthetics Assessment (IAA) using [60] to further evaluate the
quality. Since traditional 2D metrics often struggle to capture fine-grained struc-
tural preservation and complex instruction adherence in 3D spaces, we introduce
an automated evaluation protocol using Gemini 3.1 Pro [44] as an LLM-based
judge. The model scores the rendered multi-view results on a scale of 1 to 10
across three key dimensions: (i) structural consistency of non-edited regions, (ii)
completion degree of the editing instructions, (iii) overall aesthetic quality.

4.2 Comparison with Baselines

Qualitative Evaluation. We compare AGE against two representative 3D
Gaussian editing methods: GaussianEditor |7] and DGE [6]. As shown in Fig.
our method demonstrates clear advantages in executing complex instructions
and preserving spatial coherence. For instance, when tasked with replacing a
bonsai tree or altering the season alongside object modifications, pipeline-based
baselines often struggle to fully execute the commands, resulting in severe blur-
ring or structural degradation of the background. In contrast, AGE successfully
fulfills each aspect of the instruction while maintaining sharp geometric bound-
aries and the structural integrity of unedited regions.

Furthermore, Fig.[5]demonstrates AGE’s exceptional versatility beyond stan-
dard editing paradigms. Driven by the modular Skill Library, the framework
effortlessly adapts to highly diverse editing needs. This includes physics-aware
geometry deformation and intricate localized material editing. These qualitative
results clearly underscore our framework’s capacity to achieve robust, control-
lable, and coherent editing across highly challenging tasks.
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Source Scene GaussianEditor DGE AGE (Ours)

Remove the object beneath the vase and
transform the scene into Van Gogh painting style.

(] % A L

&

Turn the bear into a brown bear wearing a
sun hat, and change the season o autumn.

Fig. 4: Qualitative comparison with representative 3D Gaussian editing methods.

Quantitative Evaluation. As shown in Table [I} AGE demonstrates superior
performance across all evaluated dimensions. Specifically, our framework achieves
a Cly;m score of 0.192, significantly outperforming GaussianEditor and DGE. This
metric highlights our system’s enhanced capability to accurately interpret and
align with complex user instructions. Furthermore, our higher scores in C,,,, and
TAA confirm that our method not only achieves better semantic alignment but
also maintains higher multi-view consistency and visual fidelity.

The automated LLM-as-judge evaluation results, shown in Table [2] further
corroborate these findings. AGE consistently excels in three critical dimensions:
structural consistency of non-edited regions, editing instruction completion, and
overall aesthetic quality. By reformulating editing as a long-horizon decision-
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(e

[

Ei

Atlantis underwater chair: add coral growth on

the carvings, small barnacles, fabric becomes

Make all objects fall under the seaweed-like textile with shimmering fish-scale
influence of gravity. pattern, subtle bubbles and caustic light rays.

Fig. 5: Diverse editing capabilities enabled by the modular skill library.

Table 1: Comparison with other editing methods. AGE achieves the best performance.

Method | Csim  Ceon  IAA
GaussianEditor 0.104 0.863  4.51
DGE [6] 0.133  0.892  5.79
AGE (Ours) 0.192 0.907 6.65

making process equipped with a structured memory mechanism, AGE effectively
prevents the destructive modifications common in one-shot pipeline execution.

4.3 Discussion and Prospects

Multi-agent Collaboration in Interactive Editing As illustrated in Fig. [6]
AGE performs editing through the collaboration of multiple specialized agents
within a flexible and closed-loop workflow. Based on this, the system progres-
sively refines the scene while maintaining spatial consistency and coherence
across multiple interaction turns.

Synergy Between Reasoning and Execution We observe a decoupling
between cognitive planning and actual execution during the experiment. The
multi-agent system demonstrates strong capability in processing instructions
and maintaining global scene coherence. However, when faced with highly de-
manding “atomic instructions”, the performance bottleneck often arises not from
the Planner’s logic, but from the inherent limitations of the low-level tools in the
Toolbox. For example, while the Backtracker can provide correct feedback, the
execution tool may still struggle to generate a 3D Gaussian asset that perfectly
matches the feedback information.

374

376

377

379
380
381

382
383
384
385
386

388
389
390



391
392
393
394
395
396

397

398
399
400
401
402
403
404
405
406

14 ECCYV 2026 Submission #9447

Table 2: The LLM-as-judge evaluation results.

Method ‘ Structural Consistency Completion Degree Aesthetic Quality
GaussianEditor 5.24 5.70 6.58
DGE 6] 7.39 5.23 8.03
AGE (Ours) 8.90 7.17 8.52

Reflector:
New requirement ...

Reflector:
User requirements conflict
with the default pose,
requiring spatial calibration.] =

Planner:
First, we should locate
the excavator, and then
add the apple.

Planner:
... we should adhere to
the spatial constraint
relationships obtained
in the previous turn of
interaction.

Executor:

1. Invoke Locate skill
2. Invoke Add skill

————— o>
e

€ = = = = = =+ —
€« == ——— -t =

|
ﬂ_

Turn 1: "Place an Turn 2: "Misplaced, it's on Turn 3: "Place a bonsai Turn 4: "I don't like this ~ Turn5: "That's OK."

apple to the right the left, not the right. left of the excavator style. Let's switch the
of the excavator."  The apple is too large; and render the scene entire scene to a Fauvism
reduce it to half its size.", in Van Gogh style.", painting style."

Fig. 6: Multi-agent collaborative workflow for interactive 3D Gaussian editing.

Future Outlook The architectural design of AGE makes it easy to update or
expand the skill repository as more robust 3D foundation models emerge. Future
work will focus on: (i) Skill Refinement: Developing more specialized 3D tools to
reduce the “execution bottleneck”. (ii) End-to-End Learning: Exploring ways to
partially fine-tune the agents to better understand the nuances of 3D Gaussian
geometry directly, rather than relying solely on 2D visual proxies.

5 Conclusion

In this paper, we present AGE, an agentic framework for 3D Gaussian editing
that formulates editing as a long-horizon sequential decision-making process.
AGE integrates a spatially-coordinated multi-agent system, including a Planner,
Executor, Reflector, and Backtracker, together with a structured spatially-aware
memory that maintains editing history and geometric context across turns. This
design enables adaptive planning, iterative refinement, and coherent multi-turn
interaction in complex 3D editing scenarios. Extensive experiments demonstrate
that AGE achieves more robust instruction following, better structural preser-
vation, and higher visual quality than existing pipeline-based methods.
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