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Abstract

Complex 3D spatial text to image generation
requires models to convert natural language
into stable visual geometry, not merely se-
mantic appearance. Existing prompt-driven or
layout-conditioned methods improve controlla-
bility, but often lack an optimizable and ver-
ifiable spatial intermediary before visual sam-
pling. As a result, object relations, occlu-
sion, visibility, and camera constraints can de-
cay during multi-round generation. This pa-
per presents SpatialGuard, a structured layout-
guided framework for complex 3D spatial
text-to-image generation. SpatialGuard parses
prompts into image synthesis-oriented 3D lay-
outs through a Spatial Layout Architect, re-
alizes them as visual conditions and candi-
date images through a Visual Realizer, and
uses a Visual Alignment Critic to validate
consistency among prompt, layout, and im-
age. To keep constraints stable across itera-
tions, SpatialGuard introduces a Layout Har-
ness that organizes rule constraints, tool invo-
cation, shared knowledge, and feedback loops
around the editable layout state. This design
turns complex spatial generation from implicit
prompt following into a verifiable process of
planning, realization, validation, and repair.
Comprehensive experiments show that Spatial-
Guard achieves state-of-the-art performance in
complex 3D spatial layout generation and im-
proves spatial faithfulness over existing text-to-
image and layout control baselines.

1 Introduction
Complex 3D spatial text-to-image generation is
a key capability for bridging natural-language in-
teraction and controllable visual content produc-
tion, with important applications in game-asset
previewing (Husen et al., 2025; Li et al., 2025b),
film storyboard design (Zhang et al., 2025a; Wang
et al., 2026a), and embodied-intelligence simula-

*Corresponding authors. †Project lead.

tion (Feng et al., 2026). These applications re-
quire models to translate spatial intent in natural
language into stable visual geometry, rather than
merely generating semantically related appearance
content. Traditional prompt-driven methods (Pan
et al., 2026a; Qiu et al., 2025; Han et al., 2026a;
Jiang et al., 2026a) mainly rely on text-to-image
models to infer spatial structure from text implic-
itly. Thus, in relation-dense, view-sensitive, and
layout-constrained scenes, they often satisfy only
local semantics and struggle to maintain global spa-
tial consistency. Recent methods (Venkatesh et al.,
2026; Qin et al., 2026; Agrawal et al., 2026; Zhang
et al., 2025b) introduce layout conditions, hierar-
chical generation, 3D control signals, and multi-
step planning to make spatial structure more ex-
plicit during generation, significantly improving
the controllability of complex scenes. However,
existing methods (Parihar et al., 2025; Li et al.,
2025a) still face two key limitations. First, the gen-
eration process usually lacks an image-synthesis-
oriented spatial layout intermediary that is optimiz-
able and verifiable. As a result, complex spatial in-
tent lacks a stable carrier before visual sampling,
and text alone fails to provide sufficiently explicit
and executable spatial constraints for subsequent
synthesis. Second, when complex spatial intent
requires multiple rounds of planning, generation,
evaluation, and correction, large models are prone
to context forgetting and constraint decay. Spatial
requirements established in early stages are diffi-
cult to preserve in later interactions, weakening fi-
delity to the original prompt and degrading gener-
ation quality.

These limitations highlight two key require-
ments for complex spatial text-to-image generation.
First, the model needs to form a verifiable layout
representation before image sampling, allowing
spatial constraints in text to be explicitly encoded,
continuously optimized, and checked before gen-
eration. Second, the system needs a cross-round
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Input Prompt: ‘A bus is on the left side. A van is behind the bus, and 
an SUV is at the front-right of the bus. A pigeon walks on the ground 
between the bus and the SUV, while two sparrows fly above the SUV.
The scene is a calm early-morning urban street with soft light and 
documentary realism.’

Input Prompt: ‘A tractor anchors the image. A cow grazes front-left 
of the tractor, and a horse stands to the right of the tractor. Three 
hens walks in front of the tractor. The scene is a peaceful farmyard 
with warm realistic sunlight and a rustic countryside style.’

Input Prompt: ‘A desk anchors the image. A chair sits in front of the 
desk. A bookshelf stands to the right of the desk. A cat lounges clearly 
front-left of the desk, and a trash can sits front-right of the desk.The 
scene is a compact creative study with warm afternoon light, muted wood 
tones, soft shadows, and a quiet lived-in editorial style.’

Input Prompt: ‘A bed is in the center. A pillow is placed on the upper side 
of the bed. A lamp is on a table to the left of the bed, and a chair is 
positioned in front of the table. A cat is at the front-left of the bed.
The scene is a serene watercolor-style bedroom with soft natural light 
and gentle cozy details.’

Figure 1: Example results of SpatialGuard on complex spatial text-to-image generation. Each case presents the
input prompt, the generated 3D cube layout, and the corresponding synthesized image across urban street, farmyard,
study, and bedroom scenes, demonstrating the model’s ability to preserve multi-object spatial relations, directional
constraints, and scene-style descriptions.

structured constraint enforcement mechanism, so
that spatial requirements do not remain merely in
prompts or scoring signals but are stably preserved,
actively retrieved, and updated according to feed-
back across planning, execution, verification, and
revision. The former provides explicit spatial tar-
gets for image synthesis, while the latter ensures
that these targets remain effective in long-chain in-
teractions despite memory decay. Together, they
indicate a stronger generation paradigm: complex
3D layouts should not only be prompted by lan-
guage, but also explicitly designed, executed, and
maintained.

To address these issues, we propose Spa-
tialGuard, a structured-layout-guided generation
framework for complex 3D spatial text-to-image
generation. It unifies verifiable layout representa-
tion and persistent constraint enforcement within
a single generation process. SpatialGuard consists
of three collaborative modules. The Spatial Layout
Architect parses input text into an image-synthesis-
oriented 3D structured layout, providing a check-
able and editable representation of complex spa-
tial intent before sampling. The Visual Realizer
converts this layout into visual conditions and syn-
thesizes images, bringing spatial targets into pixel
space. The Visual Alignment Critic evaluates con-

sistency among text, layout, and image, and feeds
deviations back to subsequent planning. These
modules operate around a shared layout state, pre-
venting text understanding, image realization, and
result evaluation from becoming decoupled across
multi-round interaction.

Moreover, to prevent memory decay of spatial
constraints during multi-round agent planning and
interaction, we first introduce the idea of an agent
harness (Lin et al., 2026; Li et al.; Pan et al., 2026b)
into text-to-image generation and distill it into four
core mechanisms: rule constraints, tool invocation,
shared knowledge, and feedback loops. Rule con-
straints convert spatial requirements in language
into checkable layout boundaries. Tool invocation
turns layout decisions into externally executable
operations. Shared knowledge preserves layout
versions, evaluation judgments, and revision trajec-
tories across stages. Feedback loops reinject de-
tected spatial deviations into layout planning and
image generation. Based on the automated project
workflow, SpatialGuard generates an initial 3D
layout from text, performs deterministic verifica-
tion according to the object list and spatial rela-
tions, iteratively invokes 3D layout rendering and
image synthesis, and produces executable repair
plans when spatial violations are detected. Thus,
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it shifts complex spatial text-to-image generation
from prompt-driven implicit generation to verifi-
able generation guided by structured layouts and
maintained by constraint mechanisms.

The main contributions of this paper are as fol-
lows:

• We propose SpatialGuard, an agentic layout
generation framework for complex 3D spa-
tial text-to-image generation, enabling closed-
loop modeling from textual spatial intent to
verifiable visual generation.

• We introduce the concept of agent harness
into the text-to-image pipeline for the first
time and build a cross-round spatial constraint
enforcement mechanism to mitigate memory
decay in complex spatial generation by large
models.

• Comprehensive quantitative and qualitative
experiments show that SpatialGuard achieves
new state-of-the-art performance in complex
3D spatial text-to-image generation and sig-
nificantly outperforms existing text-to-image
and layout-control baselines.

2 Related Work
2.1 Text to Image Generation
Text-to-image generation has progressed from
high-fidelity synthesis to more deliberate model-
ing of semantic and spatial intent. General models
improve prompt adherence through reasoning, re-
ward optimization, autoregressive modeling, and
spatial evaluation signals (Jiang et al., 2025; Han
et al., 2026b; Jiang et al., 2026b,c,d). Janus-Pro-
R1 (Pan et al., 2026a) and T2I-R1 (Jiang et al.,
2026a) connect visual comprehension with gen-
eration through reinforcement learning and chain
of thought style planning, while NextStep-1 (Han
et al., 2026a) explores scalable autoregressive gen-
eration with continuous visual tokens (Han et al.,
2026a). Self-Cross (Qiu et al., 2025) reduces
subject mixing among similar objects, and Spa-
tialScore provides a reward model for spatial rela-
tion evaluation and reinforcement learning (Tang
et al., 2026). Recent benchmarks show that compo-
sitional and spatial alignment have become central
axes for evaluating text-to-image models (Wang
et al., 2026b,c; Huang et al., 2025). These works
strengthen semantic alignment, but spatial compo-
sition is still largely learned or rewarded through

implicit model behavior. A complementary line of
work makes spatial control more explicit through
planning, layout, pose, and 3D conditions. Lay-
outGPT (Feng et al., 2023) uses language models
for compositional visual planning and translates
text requests into explicit scene programs that spec-
ify object categories and bounding boxes before
rendering. MCCD (Li et al., 2025a) coordinates
prompt level decomposition, image generation,
and selection, whereas CREA (Venkatesh et al.,
2026) assigns distinct creative and critical roles to
refine visual concepts. LayerCraft (Zhang et al.,
2025b) decomposes generation into layered reason-
ing and object integration, deriving a dependency
aware scene graph that schedules background con-
struction before foreground integration. Compass
Control (Parihar et al., 2025) binds orientation
to individual objects, SceneDesigner (Qin et al.,
2026) encodes location, scale, and orientation
in camera view pose maps, and SeeThrough3D
(Agrawal et al., 2026) renders translucent cuboids
that reveal occlusion and camera view during syn-
thesis. Together, these interfaces make selected
spatial variables visible to the generator, although
their intermediate representations remain primar-
ily fixed conditions rather than states designed for
iterative verification and repair. These studies
show that layouts, poses, layers, and planning im-
prove controllability. However, existing methods
still lack an optimizable and verifiable spatial lay-
out intermediary, leaving complex spatial intent
without a stable carrier before visual sampling and
weakening executable spatial constraints for syn-
thesis.

2.2 Harness for Agentic Execution
Agent harness research studies the execution layer
around a foundation model, covering tools, state,
orchestration, validation, observability, and re-
covery. Recent surveys organize harness design
around execution environment, tool interface, con-
text management, lifecycle control, verification,
and governance (Li et al.; Meng et al., 2026). Such
decompositions separate execution concerns and
attribute failures to a specified layer, rather than
treating an agent run as one opaque model call.
Agentic Harness Engineering evolves harness com-
ponents through structured observability over files,
trajectories, and decisions, exposes reusable com-
ponents as files, distills layered execution traces
into evidence, and tests every revision against a de-
clared prediction (Lin et al., 2026). Natural Lan-
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SpatialGuard (Layout Harness)

A sofa is in the center of 
the image. A cat lounges 
clearly front-right of the 
sofa, while a dog rests 
clearly front-left of the 
sofa. A lamp glows to 
the left of the sofa, and a 
bookshelf on the right 
ofthe sofa.
The scene is a quiet and 
comfortable pet resting 
corner, soft warm indoor 
lighting, lazy and relaxed 
home atmosphere, 
naturally arranged 
objects, richdetails, and 
a warm realistic 
composition.
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Figure 2: Overview of SpatialGuard. Given an input prompt, the Spatial Layout Architect parses objects, spatial
relations, and scene appearance into a verifiable 3D layout under the Layout Harness. The Visual Realizer converts
the layout into masks, token-aligned conditions, and a candidate image. The Visual Alignment Critic performs
structured validation over object placement, relations, visibility, and camera constraints. Failed constraints are
converted into executable repair actions and fed back to update the layout, while rule constraints, tool invocation,
shared knowledge, and feedback loops preserve spatial intent across iterations until the final image satisfies the
prompt.

guage Agent Harnesses separate readable harness
policy from runtime mechanisms; their documents
specify run policy while the shared runtime exe-
cutes calls, state updates, and validation gates (Pan
et al., 2026b). Meta Harness treats harness opti-
mization as an outer loop over code, traces, and
scores, allowing a proposer to inspect prior code,
trajectories, and scores through a persistent filesys-
tem (Lee et al., 2026). Beyond coding agents,
harness-style designs have begun to appear in vi-
sual and embodied tasks. VASA maintains a per-
sistent working mask for open ad hoc segmenta-
tion, turning visual progress into an inspectable
state that persists across interactions (Wang and
Yu, 2026). SceneWeaver uses a reflective tool-
based loop to synthesize 3D scenes under seman-
tic and physical feedback, selecting modular scene
synthesis tools and revising scenes after each eval-
uation (Yang et al., 2026). These systems indicate
that explicit state, callable tools, validation gates,
and shared memory can help complex layout text-
to-image generation keep spatial intent readable,

enforceable, and recoverable.

3 Methodology

3.1 Overview
Complex 3D spatial text-to-image generation re-
quires preserving object identity, relative position,
visibility, camera configuration, and realism from
language understanding to image synthesis. Ex-
isting controllable methods use layouts, 3D con-
trols, layered generation, or agentic planning to
improve spatial grounding (Agrawal et al., 2026;
Qin et al., 2026; Parihar et al., 2025; Zhang et al.,
2025b; Li et al., 2025a), but spatial requirements
often remain scattered across prompts, conditions,
and evaluation signals. Relations understood early
may weaken after synthesis or disappear during re-
vision. SpatialGuard addresses this by combining
agent-based spatial reasoning with a Layout Har-
ness, as shown in Fig. 2.

Given an input prompt, SpatialGuard separates
object mentions, spatial intentions, and appearance
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descriptions, then organizes them into a layout-
centered generation loop. The system plans a struc-
tured scene, realizes it as visual evidence, checks
whether the image follows the spatial intent, and re-
pairs the layout when violations appear. In Fig. 2,
the input enters the Spatial Layout Architect, the
Visual Realizer produces a candidate image, the Vi-
sual Alignment Critic performs structured valida-
tion, and failed items return through an executable
repair plan.

The Layout Harness keeps this loop stable.
Rule constraints make object, relation, scale, sup-
port, occlusion, visibility, and camera require-
ments checkable. Tool invocation maps revisions
to operations such as moving objects, rescaling ob-
jects, and adjusting the camera. Shared knowledge
stores layout decisions, validation records, and re-
pair traces across rounds. Feedback loops send de-
tected spatial errors back to planning rather than
leaving them as passive scores. SpatialGuard there-
fore turns prompt-only sampling into a verifiable
process that repeatedly plans, realizes, validates,
and repairs the scene.

3.2 SpatialGuard Framework
SpatialGuard instantiates the common interface in
Sec-. 3.1 as an agentic layout generation frame-
work. Prior layout-driven and 3D-controlled text-
to-image methods make spatial control more ex-
plicit (Feng et al., 2023; Agrawal et al., 2026; Qin
et al., 2026; Parihar et al., 2025), but often pass
the layout as a static generator condition. Spatial-
Guard instead treats the layout as an editable state
that links language understanding, visual synthesis,
and result validation, moving complex 3D spatial
intent from implicit prompt attention into a state
that can be planned, grounded, and inspected.

Following Sec. 3.1, p denotes the input prompt,
O = {oi}Ni=1 denotes the set of N mentioned ob-
jects,oi denotes the ith object. C denotes the spa-
tial constraint set extracted from p, and a denotes
the appearance and environment description. At
round t, the layout state is written as

L(t) =

({(
ci,x

(t)
i , s

(t)
i ,α

(t)
i

)}N

i=1
,κ(t)

)
, (1)

where ci is the category of object oi, x
(t)
i is the 3D

position of object oi at round t, s(t)i is its layout-
readable size at round t,α(t)

i is its azimuth at round
t, and κ(t) is the camera parameter vector at round

t. SpatialGuard operates on this state through three
cooperative modules.

The Spatial Layout Architect converts the
parsed spatial intent into an executable geometry
carrier. It initializes the first layout and later re-
vises the layout according to structured feedback:

L(0) = As (p,O,C,a) ,
L(t+1) = As

(
p,O,C,a,L(t),∆(t)

)
,

(2)

where As denotes the Spatial Layout Architect,
L(0) denotes the initial layout state, L(t+1) denotes
the next layout state after revision, and ∆(t) de-
notes the repair feedback produced by the Visual
Alignment Critic at round t. The architect resolves
object mentions, normalizes categories and counts,
decomposes spatial phrases into 3D and screen
space requirements, and assigns positions, sizes,
orientations, and camera parameters. For example,
a front right relation is represented through depth
ordering and lateral placement, keeping it check-
able after projection.

The Visual Realizer maps the current layout
state into visual conditions and synthesizes a can-
didate image. Given L(t), it renders the layout,
derives instance-level masks, aligns object regions
with the corresponding prompt tokens, and invokes
the generator:

I(t) = G
(
p,a, ρ

(
L(t)

)
, ψ

(
p,L(t)

))
, (3)

where ρ denotes the layout renderer, ψ denotes
the operator that produces instance masks and
token-aligned object regions, G denotes the layout-
conditioned image generator, and I(t) denotes the
candidate image generated in round t. The ren-
dered layout provides global geometry, masks
preserve object boundaries, and token alignment
keeps appearance phrases attached to targets, trans-
ferring the planned 3D arrangement into pixel
space.

The Visual Alignment Critic closes the loop by
judging whether the candidate image respects the
prompt and the current layout:

(
v(t),∆(t)

)
= Ac

(
p,C,L(t), I(t)

)
, (4)

whereAc denotes the Visual Alignment Critic, v(t)

is a structured validation record, and ∆(t) is the
repair feedback for the next layout revision. The
critic reads C, which contains the required ob-
ject relations, support conditions, visibility require-
ments, and camera-related constraints extracted
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from p. It localizes failures to concrete fields of
L(t), such as object position, size, azimuth, occlu-
sion status, or camera configuration, instead of col-
lapsing the judgment into a single scalar score. If
v(t) contains no failed item, SpatialGuard returns
I(t) as the final output. Otherwise, ∆(t) is passed
back to the Spatial Layout Architect to produce
L(t+1).

This separation gives each module a clear re-
sponsibility: the Spatial Layout Architect makes
spatial intent explicit, the Visual Realizer turns
it into visual evidence, and the Visual Align-
ment Critic converts deviations into actionable lay-
out feedback. SpatialGuard, therefore, supports
closed-loop modeling from textual spatial intent to
verifiable visual generation without requiring one-
pass implicit spatial inference by the image gener-
ator.

3.3 Layout Harness for Persistent Spatial
Execution

Existing text-to-image systems make spatial con-
trol more explicit through layouts, 3D condi-
tions, layered composition, and agent collabora-
tion (Feng et al., 2023; Agrawal et al., 2026; Qin
et al., 2026; Parihar et al., 2025; Zhang et al.,
2025b; Li et al., 2025a). However, these signals
are often used as local prompts, static conditions,
or post hoc scores, which are fragile for relation-
dense scenes. A relation parsed early may vanish
during object repair, visibility adjustment, or cam-
era change. The core challenge is therefore to pre-
serve, retrieve, and enforce relations across plan-
ning, realization, validation, and revision.

Agent harness research provides an execution
view for this challenge (Lin et al., 2026; Li et al.;
Pan et al., 2026b). Although a harness has no sin-
gle mathematical definition, prior work commonly
treats it as an external layer that organizes model
calls, tools, state, validation, recovery, and stop-
ping conditions. From this view, we distill four
properties for complex spatial generation: rule con-
straints, tool invocation, shared knowledge, and
feedback loops. SpatialGuard instantiates them as
a Layout Harness around the editable layout state
introduced in Sec-. 3.2.

At refinement round t, where t indexes the cur-
rent iteration, the Layout Harness maintains

H(t) =
(
C,T ,M (t)

)
. (5)

Here H(t) is the harness state at round t, C is

the spatial constraint set extracted from the input
prompt p, T is the executable layout tool library,
and M (t) is the shared knowledge state. M (t)

records the object manifest, parsed spatial pred-
icates, previous layout states, validation records,
and repair actions, giving all modules a durable ref-
erence beyond a single model call.
Rule constraints make linguistic requirements in-
spectable. SpatialGuard stores relations such as
front, left, support, or full visibility inC and checks
them against L(t) and I(t). As defined in Sec. 3.2,
L(t) is the 3D layout state at round t, and I(t) is the
candidate image generated at round t. The Visual
Alignment Critic produces v(t) and ∆(t), where
v(t) lists passed and failed constraints and ∆(t)

specifies the next layout revision.
Tool invocation turns a revision instruction into an
executable operation. Given the validation result,
the harness selects and applies a sequence of tool
actions:

u(t) = Γ
(
v(t),∆(t),H(t)

)
,

L̃(t+1) = Ω
(
L(t),u(t)

)
,

M (t+1) = Ξ
(
M (t), L̃(t+1),v(t),u(t)

)
.

(6)

In this equation, u(t) is the selected sequence of
tool actions at round t, Γ is the tool selection
function, Ω is the execution function that applies
u(t) to L(t), L̃(t+1) is the tool-executed intermedi-
ate layout state, Ξ is the memory update function,
and M (t+1) is the updated shared knowledge state.
The tools include object translation, object scal-
ing, support adjustment, occlusion control, visibil-
ity restoration, focal length adjustment, and cam-
era elevation adjustment. Because they operate
on explicit layout fields, a failed relation can be
repaired while preserving constraints that already
pass validation.
Shared knowledge keeps spatial decisions recov-
erable across rounds. The state M (t) tells later
modules which objects exist, which relations come
from p, which fields of L(t) changed, and which
failures remain. This avoids reliance on incom-
plete conversation history and makes each image
traceable to a layout version, validation record, and
repair action sequence.
Feedback loops connect validation to the next exe-
cution step. When v(t) contains failed constraints,
∆(t) is routed through Γ to obtain u(t), and Ω pro-
duces the tool-executed intermediate layout state
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Table 1: Quantitative comparison of spatial layout faithfulness judged by three vision language models (Google
DeepMind, 2025; Qwen Team, 2025; xAI, 2025). Scores range from 1 to 10 and may be fractional, with all values
reported to two decimal places. Higher scores are better. The best results are highlighted in bold and the second
best results are underlined.

Method Presence ↑ Position ↑ Relation ↑ Depth ↑ Scale ↑ Support ↑ Framing ↑ Overall ↑
HunyuanImage-2.1 (Tencent, 2025) 8.59 7.98 7.84 7.25 7.79 7.64 8.18 7.90
SD-3.5-L (Esser et al., 2024) 8.31 8.08 7.70 7.34 7.91 7.37 8.46 7.88
FLUX.1-dev (Black Forest Labs, 2024) 8.13 7.62 7.96 7.49 7.57 7.18 7.92 7.70
Self-Cross (Qiu et al., 2025) 6.06 5.20 4.96 4.74 4.87 4.82 6.80 5.35
T2I-R1 (Jiang et al., 2026a) 6.49 5.91 6.62 6.25 5.58 5.39 6.68 6.13
Janus-Pro-R1 (Pan et al., 2026a) 6.83 6.25 6.55 6.18 6.04 5.66 6.55 6.29
NextStep-1 (Han et al., 2026a) 7.22 6.72 6.35 6.05 6.36 6.08 6.95 6.53
SpatialGuard (Ours) 9.26 8.83 9.38 9.67 9.39 9.45 9.58 9.37

L̃(t+1), which is then used by the Spatial Lay-
out Architect to form the next layout state L(t+1).
When no failed constraint remains, SpatialGuard
returns I(t) as the final image. Through this har-
ness, text to image generation becomes a persistent
spatial execution process in which language con-
straints are externalized, checked, repaired, and re-
membered until the layout and image satisfy the
requested spatial intent.

4 Experiments

4.1 Implementation Details
SpatialGuard is a training-free framework, and all
model weights remain frozen during evaluation.
We conduct all experiments on a single NVIDIA
H200 GPU with 143 GB of memory. Spatial Lay-
out Architect and Visual Alignment Critic are im-
plemented with GPT5 (OpenAI, 2025), where the
former produces executable 3D layouts and the lat-
ter returns structured validation records and repair
instructions. Visual Realizer is built on FLUX.1
dev (Black Forest Labs, 2024). We render layouts
at 1024 resolution and use 512 resolution condi-
tions for image synthesis. The default inference
setting uses 25 denoising steps, a guidance scale
of 3.5, and up to 4 layout verification and repair
rounds.

4.2 Quantitative Evaluation
We evaluate spatial layout faithfulness with Gem-
ini 2.5 Pro (Google DeepMind, 2025), Qwen3-
VL (Qwen Team, 2025), and Grok 4 (xAI, 2025)
using a fixed prompt set shared by all methods.
The prompts cover object presence, directional
relations, depth ordering, support, relative scale,
and camera framing. We compare SpatialGuard
with representative text to image methods (Ten-
cent, 2025; Esser et al., 2024; Qiu et al., 2025).

For each prompt, every method produces three fi-
nal images with its recommended settings. Evalu-
ators receive only the image and its prompt, with-
out method identities or intermediate artifacts such
as layout renderings, masks, validation records,
or repair traces. This blind protocol uses identi-
cal prompts and instructions for all systems. No
method is tuned on the evaluation prompts, and ev-
ery comparison uses the same number of images.
All three models score each image once, and the
reported score for each dimension averages their
judgments over all prompts and generated images.

Each image is evaluated on seven dimensions.
Presence measures whether all requested objects
and counts are visible and separable, with penalties
for omissions, count errors, or severe fusion. Posi-
tion measures how closely object locations and re-
quested anchors match the prompt, while allowing
partial credit for approximate placement. Relation
evaluates atomic and compound spatial relations,
with partial credit when only some components are
satisfied. Depth covers front and behind order, oc-
clusion, and residual visibility. Scale measures
relative object sizes, distances between objects,
and camera distance. Support evaluates contact
with the specified surface and physical plausibil-
ity. Framing measures how well viewpoint, crop-
ping, object visibility, and composition expose the
requested layout. Overall is the arithmetic mean of
these seven dimension scores. Appearance quality,
style, and photorealism are ignored unless they pre-
vent a reliable spatial judgment.

Evaluators may assign decimal scores on a 1 to
10 scale, and all reported values are rounded to two
decimal places. Scores from 9 to 10 indicate clear
and nearly complete satisfaction; 7 to 8 indicate
a minor deviation; 5 to 6 indicate partial satisfac-
tion or substantial ambiguity; 3 to 4 indicate ma-
jor violations while relevant objects remain recog-
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T2I-R1NextStep-1 Janus-pro-r1 Self-crossOurs

T2I-R1NextStep-1 Janus-pro-r1 Self-crossOurs

FLUX.1-dev

FLUX.1-dev

Input Prompt: A bus centers the image. A man riding a bicycle is front-left of the bus. A sedan is located to the right of the bus. A 
bird is flying back-right of the bus. The scene is a quiet city curbside near a bus stop, with realistic daylight, street-side details, 
and a clean documentary travel style.

Input Prompt: A sofa anchors the image. A cat lounges clearly front-left of the sofa, while a dog rests clearly front-right of the sofa. 
A lamp glows to the left of the sofa, and a bookshelf on the right of the sofa. The scene is a quiet and comfortable pet resting corner, 
soft warm indoor lighting, lazy and relaxed home atmosphere, naturally arranged objects, rich details, and a warm realistic composition.

Figure 3: Qualitative comparison on complex spatial prompts. SpatialGuard preserves object completeness and
relative layout more reliably than baselines, which often miss objects, truncate visible entities, or violate directional
relations.

nizable; and 1 to 2 indicate missing, contradictory,
severely occluded, or unjudgeable evidence. Com-
pound relations receive partial credit for visibly sat-
isfied components. If a required object is absent,
the associated relation receives a score from 1 to
2. Evaluators use only visible evidence and assign
the lower score when evidence is ambiguous.

Table 1 shows that SpatialGuard obtains the
highest Overall score of 9.37 and ranks first on all
seven dimensions. HunyuanImage-2.1 (Tencent,
2025) is the strongest baseline at 7.90, narrowly
ahead of SD-3.5-L (Esser et al., 2024) at 7.88, leav-
ing a 1.47 point gap to SpatialGuard. The largest
gains over the best baseline for each dimension ap-
pear on Depth, Support, Scale, and Relation, at
2.18, 1.81, 1.48, and 1.42 points. Presence im-
proves by 0.67, indicating that the main benefit
lies in spatial structure rather than simple object
inclusion. The Spatial Layout Architect converts
language into explicit positions, depth order, ori-
entations, and camera parameters, while the Vi-
sual Realizer transfers this plan into pixel space.
The Visual Alignment Critic identifies visible vio-
lations, and the Layout Harness preserves satisfied
constraints during targeted repair. Their coordina-
tion reduces relation reversals, inconsistent occlu-
sion, and physically implausible layouts, which ac-
counts for the consistent advantage across the spa-
tial metrics.

The smaller gain on Presence clarifies where the
method helps most. Strong generators usually re-
cover common objects, but they remain less reli-
able when several constraints must hold simultane-
ously. SpatialGuard instead preserves those con-
straints across planning, synthesis, inspection, and
correction, yielding balanced performance.

4.3 Qualitative Evaluation

Figure 3 compares SpatialGuard with recent text-
to-image baselines on complex prompts contain-
ing object completeness, directional relations, and
scene-level constraints. Baselines often produce
visually plausible images, but their spatial struc-
ture is unstable. In the sofa scene, the prompt re-
quires the cat and dog to appear in front of the
sofa, while Self cross fails to preserve this layout.
FLUX.1 dev (Black Forest Labs, 2024) generates
only a partial bookshelf, and T2I-R1 (Jiang et al.,
2026a) omits the lamp and bookshelf in the first ex-
ample. In the bus scene, Janus-pro-r1 (Pan et al.,
2026a) misses the bird, breaking the requested
back right relation. SpatialGuard avoids these fail-
ures by maintaining an explicit layout state and
checking object, relation, and visibility constraints
before accepting the output. This leads to images
that are not only realistic but also faithful to the full
spatial intent.

Across both examples, the key distinction is not
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Table 2: Ablation study using the same three vision language model evaluators (Google DeepMind, 2025; Qwen
Team, 2025; xAI, 2025) and metrics reported in Table 1. Scores range from 1 to 10, and higher scores are better.
The best results are highlighted in bold and the second best results are underlined.

Method Presence ↑ Position ↑ Relation ↑ Depth ↑ Scale ↑ Support ↑ Framing ↑ Overall ↑
Ours w/o Spatial Layout Architect 9.01 8.10 8.62 8.70 8.52 8.40 9.00 8.62
Ours w/o Visual Realizer 8.74 8.55 8.86 9.03 8.76 8.95 8.84 8.82
Ours w/o Visual Alignment Critic 8.99 8.38 9.08 9.32 9.02 8.84 9.31 8.99
Ours w/o harness 8.92 8.47 9.00 9.24 9.18 9.03 9.22 9.01
Ours(full) 9.26 8.83 9.38 9.67 9.39 9.45 9.58 9.37

isolated visual quality but whether every requested
constraint remains usable within the same compo-
sition. A plausible image can still fail the scene
specification when an object is absent, a directional
relation is reversed, or view dependent placement
obscures an entity needed by another relation. Spa-
tialGuard makes these deviations explicit at the lay-
out level, where object identity, relative position,
and visibility are checked before an image is ac-
cepted. This prevents a correction to one element
from silently disrupting another and explains why
the method preserves complete, readable, and spa-
tially coherent scenes after rendering. The missing
bookshelf and lamp, the lost bird, and the failed
foreground relation show distinct ways prompt in-
formation can disappear during synthesis. The lay-
out state carries these requirements forward as in-
spectable commitments, and validation identifies
each item requiring specific repair.

4.4 Ablation Studies
Table 2 evaluates the four components with the
same vision language model protocol (Google
DeepMind, 2025; Qwen Team, 2025; xAI, 2025)
as Table 1. The complete system reaches an Over-
all score of 9.37. The second best score changes
by criterion: the Architect ablation leads Presence
at 9.01, the Realizer ablation leads Position and
Support at 8.55 and 8.95, the Critic ablation leads
Relation, Depth, and Framing at 9.08, 9.32, and
9.31, and the Harness ablation leads Overall at
9.01. This distribution follows the roles of the com-
ponents. Without the Architect, Presence remains
high, but Position and Relation fall to 8.10 and
8.62, showing that precise geometry needs an ex-
plicit layout plan. The Realizer transfers this plan
into image evidence, while the Critic detects vis-
ible violations for repair. The Harness preserves
decisions across rounds, affecting Scale, Support,
and Overall. The gap from the full configuration
shows that SpatialGuard benefits from their inter-
action rather than one isolated module.

These patterns clarify the results. Removing
the Architect preserves basic object presence but
produces the largest loss in position and relation,
indicating that the layout state supplies one com-
mon reference for subsequent stages. The Realizer
grounds planned geometry in the image, while the
Critic turns visible discrepancies into repair sig-
nals. The Harness ablation shows that persistent
constraints support SpatialGuard when planning,
realization, and revision must remain coordinated
across rounds.

5 Conclusion

This paper introduces SpatialGuard, a structured
layout-guided framework for complex 3D spatial
text-to-image generation. SpatialGuard external-
izes spatial intent into an editable 3D layout state
and organizes generation as planning, realization,
validation, and repair, rather than leaving spatial
relations to implicit prompt interpretation. Its Lay-
out Harness stabilizes this process with rule con-
straints, tool invocation, shared knowledge, and
feedback loops, keeping object relations, visibil-
ity, and camera constraints recoverable across it-
erations. By treating the layout as a shared state,
the framework keeps language, visual synthesis,
and evaluation anchored to shared spatial decisions.
Corrective actions remain interpretable because a
detected violation maps to an object, relation, or
camera choice instead of an opaque sampling tra-
jectory. Experiments show clear gains in spatial
pose, relation grounding, and measurement accu-
racy over strong text-to-image baselines. Qualita-
tive and ablation results further show these gains
come from verifiable layout execution.
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Limitations

SpatialGuard focuses on spatially grounded scenes
that can be expressed through object lists, rela-
tions, visibility constraints, and camera parame-
ters. Prompts with highly abstract artistic intent or
intentionally ambiguous spatial descriptions may
require additional interpretation rules. Since the
framework performs planning, validation, and re-
pair before producing the final image, its inference
cost is higher than a single direct call to a text-to-
image model. In addition, the final visual quality
still depends on the capability of the underlying im-
age generator. Future work can extend the tool li-
brary to finer physical interactions and improve ef-
ficiency through lighter validation strategies.
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