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Abstract

Diffusion models have become a central paradigm for image generation because they combine
stable optimization, high-fidelity synthesis, and controllability through iterative denoising.
However, precise image generation in practical settings requires more than text prompts.
Here, precision means measurable satisfaction of semantic, spatial, structural, identity, interac-
tion, and domain constraints rather than pixelwise reproduction alone. This survey examines
collaborative control methods for diffusion-based image generation from a system-level
perspective. We distinguish ordinary controllable diffusion from collaborative control, then
review theoretical foundations, conditional generation, single-condition extensions, multi-
condition fusion, conflict mediation, controller-evaluator loops, scalability, applications,
and evaluation protocols. The discussion emphasizes how control signals are represented,
injected, scheduled, and evaluated along the denoising trajectory. It also compares repre-
sentative methods in terms of controllability, computational overhead, scalable inference,
and task-oriented metrics. We identify three continuing challenges: robust coordination
under conflicting heterogeneous conditions, fine-grained control under few-step sampling,
and reliable benchmarks that jointly measure constraint satisfaction and efficiency. Overall,
collaborative control reframes precise diffusion generation as a coordinated modeling and
optimization problem involving models, conditions, schedulers, and evaluators.

Keywords: diffusion models; image generation; controllable generation; intelligent computing

MSC: 68T07; 68T45

1. Introduction

The rapid development of large-scale visual data, multimodal learning, and gener-
ative artificial intelligence has made reliable and controllable image generation a central
research problem. Diffusion models have become a leading solution because they combine
stable optimization, expressive distribution modeling, and high-quality synthesis [1,2].
Their iterative denoising process also provides a natural framework for constraint-aware
synthesis [3]. In practical scenarios, a text prompt is rarely sufficient. Target images may
need to satisfy layout, geometry, object relations, identity, interaction, and domain rules
supplied by masks, depth maps, poses, reference images, or external knowledge.

In this survey, precise image generation does not mean exact pixel reproduction in every
task. It means that an output satisfies a declared set of measurable constraints at the
granularity required by the application. These constraints may be pixel-level, such as edge
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or mask agreement; structural, such as depth, pose, or layout; semantic, such as object
count and attribute binding; identity-related; or task-specific. Precision is therefore opera-
tional and multidimensional. A system is precise only with respect to stated constraints,
tolerances, and metrics, while perceptual quality and diversity remain separate objectives.

The literature has been organized through complementary perspectives, including
the evolution of text-to-image backbones, conditioning signals, controllable diffusion
mechanisms, and application domains [4,5]. Building on these perspectives, this survey
focuses on the system-level question of how several conditions and control components
interact within one denoising process. This focus requires condition conflicts, timestep
scheduling, external planning, evaluator feedback, and computational cost to be analysed
as connected parts of the same control problem.

The distinguishing feature of this survey is a control-loop organization of precise image
generation. We connect six stages: condition representation, injection into the denoising
backbone, multi-condition fusion and arbitration, timestep-dependent scheduling, evaluator-
guided feedback, and deployment-oriented assessment. This organization links individual
control mechanisms to the conflicts they address, the stage at which they act, and the computa-
tional or robustness trade-offs they introduce. It also provides one framework for comparing
branch-based controllers, lightweight adapters, regional or multi-path inference, dynamic
schedulers, and planner-auditor systems [6,7]. Figure 1 shows the resulting structure.

Generative modeling has become a central direction in artificial intelligence, with repre-
sentative frameworks including variational autoencoders (VAEs) [8], energy-based models
(EBMs) [9], generative adversarial networks (GANSs) [10], normalizing flows (NFs) [11],
and diffusion models (DMs) [1]. In image generation, diffusion models have become
especially influential because they offer high-fidelity synthesis, strong mode coverage,
and comparatively stable training behavior. Unlike GANs, which depend on adversarial
optimization, diffusion models explicitly learn a reverse denoising process from Gaussian
noise to data, reducing mode-collapse risks while supporting high-resolution synthesis,
text guidance, and structured control.

This section reviews the theoretical foundations and methodological evolution of
diffusion models for image generation, establishing the basis for later discussion of collabo-
rative control.

1.1. Core Theory and Methodological Evolution of Diffusion Models

The theoretical foundation of diffusion models is rooted in stochastic processes and
Brownian motion. Brownian motion describes the evolution of particles under random
perturbations and can be formulated as a stochastic differential equation (SDE):

dX; = u(Xy, t) dt 4+ o(X, t) dW; 1)

where X; is the random state at continuous time ¢, y(Xy, t) is its drift, and o (X;, t) is the
diffusion amplitude. The increment df denotes an infinitesimal time interval, and W; is
standard Brownian motion. Diffusion models adopt this idea by perturbing data into a
tractable noise distribution and learning the reverse process.

A related mathematical basis is the diffusion equation in thermodynamics,

— =DV%u 2
Py (2)
where u = u(r,t) is a scalar field at spatial coordinate r and time t. The coefficient D
controls diffusion speed, and V? is the spatial Laplacian. This equation describes how local
differences are progressively smoothed over time. In diffusion models, the forward process
similarly erases data structure, while the reverse process learns score-based corrections.
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Figure 1. Overall structure of this survey. This figure presents the main sections of the paper and
their hierarchical thematic organization.

The idea of diffusion-based generation predates modern DDPMs. Sohl-Dickstein et al.
proposed a nonequilibrium thermodynamics perspective in which data are gradually
transformed into a simple distribution and then generated by learning the inverse pro-
cess [12]. This formulation decomposes a difficult high-dimensional generation problem
into a sequence of local transitions, providing a natural basis for later denoising, guidance,
and conditional-control mechanisms.

Diffusion models are likelihood-based generative models composed of a forward
noising process and a reverse denoising process. Song et al. showed that discrete diffu-
sion models and continuous-time stochastic processes can be unified under score-based
generative modeling, where the central learning target is the score, i.e., the gradient of the
log-density [3].

Ho et al. introduced Denoising Diffusion Probabilistic Models (DDPMs), which for-
mulate diffusion as a discrete-time Markov chain [1]. Here, x( is a clean sample and x;
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is its noisy state at discrete timestep t € {1,..., T}. The forward kernel g gradually adds
Gaussian noise:

g(xe | xp-1) = N(xt; V1—=PBrxi_q, ,Btl)/ Bt € (0,1) 3)

where N (-; m, V) denotes a Gaussian distribution with mean m and covariance V. The iden-
tity matrix I matches the dimension of x;, and B; is the variance schedule. Defining
o = 1—pyand & = Hé:l «s, the marginal distribution conditioned on xy has the
closed form

q(xt | x0) = N(xe; V& xo, (1 — &)I) (4)

which can be reparameterized using independent standard Gaussian noise ¢ as

xt = &xg+\/1—dre, e~ N(0I) (5)

The learned reverse kernel py, with parameters 0, is

po(xe—1 | xt) = N(xp—1; po(x1,t), Zg (x4, 1)) (6)

where 19(x¢, ) and Xg(x¢, t) are the predicted reverse mean and covariance. The model
is trained by maximizing a variational lower bound on the data likelihood. In practice,
DDPMs commonly use the simplified noise-prediction objective:

Laimple = Enye e — g0 (xt, )] )

where [E; . averages over sampled timesteps, data, and noise. The network eg(x;,t)
predicts the added noise, and |- ||, is the Euclidean norm. This objective is stable, efficient,
and widely adopted.

From the continuous-time perspective, discrete diffusion models can be viewed as
time discretizations of SDEs. Under the variance-preserving (VP) formulation, the forward
diffusion process is

dx = —%/S(t)xdtnL JB() dw; ®)

where x = x(t) is the continuous-time state and B(t) > 0 is its noise-rate schedule. The cor-
responding reverse-time SDE is

dx = —%/B(t) x — B(t)Vylog pt(x)} dt+ \/B(t) AW, )

where p;(x) is the marginal density of state x at time ¢, and V log p¢(x) is its score. The pro-
cess W; denotes reverse-time Brownian motion. Once the score is estimated across noise
levels, samples can be generated by solving this reverse-time dynamics [3].

The probability flow ordinary differential equation (probability flow ODE) provides a
deterministic counterpart to the reverse-time SDE. Under the VP parameterization with
¢(t)? = B(t), it is written as

2B x— () Velog pu(x) (10

The reverse-time SDE and the probability flow ODE share the same marginal distributions
when they use the same score field. This SDE/ODE view explains the connection between
stochastic sampling, deterministic sampling, and efficient numerical solvers [3,13].
Under Gaussian forward kernels, the DDPM noise-prediction objective is closely
related to score learning. The noise predictor €y(x¢,t) and the score V log p;(x¢) can be
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converted through known coefficients. Thus, noise prediction provides an indirect estimate
of the score field and supports reverse SDE and probability flow ODE sampling.

Several later studies further unified diffusion training and sampling design. Kar-
ras et al. showed that noise schedules, scaling, and preconditioning can be organized
within a continuous noise-parameterization framework [14]. Flow Matching formulates
generation as velocity-field regression along probability paths [15], while Rectified Flow
straightens transport trajectories to enable efficient deterministic generation [16]. These
methods connect diffusion models with continuous normalizing flows and provide a
broader dynamical-systems view of generation.

Beyond DDPMs, NCSN methods use noise-conditional networks to estimate score
functions across multiple noise levels [17]. Adversarial score matching improves perceptual
quality through adversarial objectives [18], and Schrodinger Bridge formulations relate score-
based generation to optimal transport [19]. Together, these works position diffusion models
as programmable stochastic dynamical systems rather than only black-box generators.

Sampling efficiency has been a central direction in diffusion research. DDIM constructs
a non-Markovian process while preserving the DDPM training objective, enabling faster
deterministic or semi-deterministic sampling [20]. The improved DDPM refines noise
schedules, objectives, and parameterizations to improve sample quality and likelihood [21].
These methods show that the same trained model can support different reverse trajectories,
making sampler design a key factor in the speed—quality trade-off.

ODE-based samplers further accelerate generation. DPM-Solver treats sampling as
numerical solution of the diffusion ODE and uses high-order methods to reduce function
evaluations [13]. Progressive Distillation compresses multi-step teacher sampling into
few-step student models [22]. UniPC introduces a unified predictor—corrector framework
for high-order correction without additional network evaluations [23]. Optimized Time
Steps further show that non-uniform time discretization can reduce error accumulation
under small sampling budgets [24].

Diffusion models have also become competitive with GANSs in high-fidelity synthesis
and have surpassed them in several benchmark settings. Dhariwal and Nichol demon-
strated that diffusion models with improved architectures and classifier guidance can
achieve strong image-generation quality [2]. For controllability, Semantic Diffusion Guid-
ance injects semantic gradients into pretrained diffusion models without retraining [25].
Classifier-free guidance (CFG) combines conditional and unconditional scores to balance
alignment and diversity [26]. S-CFG further extends CFG by assigning different guidance
strengths to semantic regions, improving prompt following and local control [27].

Latent Diffusion Models (LDMs) improve scalability by performing diffusion in the
latent space of a pretrained VAE rather than directly in pixel space [28]. This reduces
computational cost while preserving visual quality. An LDM also uses cross-attention to
inject text and other conditions into the denoising network, establishing a widely adopted
interface for conditional diffusion and text-to-image generation.

Architectural evolution has further expanded diffusion-model capability. U-Net re-
mains a dominant backbone because of its multi-scale representation and skip connec-
tions [29]. Diffusion Transformer (DiT) replaces convolutional U-Net with Transformer
blocks to improve global modeling and scalability [30]. Hybrid architectures combine
convolutional locality with Transformer-based long-range modeling [31]. MaskDiT acceler-
ates training through masked token reconstruction [32], while MDT and MDTv2 improve
masked latent modeling and contextual learning among image tokens [33]. FiT supports
flexible resolutions and aspect ratios through improved positional encoding [34].

For multimodal and structured generation, MMDIT concatenates text and image
tokens and applies unified attention to strengthen cross-modal interaction [35]. Graphusion
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extends diffusion modeling to graph-structured data through latent graph generation [36].
D2iT further addresses fixed-compression limitations by using dynamic multi-granularity
compression and adaptive allocation for information-dense regions [37].

Overall, diffusion models have evolved from stochastic noising and denoising pro-
cesses into a broad family of score-based, ODE/SDE-based, latent-space, and Transformer-
based generative frameworks. Despite these advances, precise controllable generation still
faces challenges in semantic alignment, few-shot robustness, inference efficiency, and multi-
condition consistency. These limitations motivate the subsequent discussion of collaborative
control mechanisms for precise image generation.

1.2. Text-to-Image Conditional Image Generation

Text-to-image (T2I) conditional image generation refers to the task of synthesizing
visually coherent, semantically aligned, and high-fidelity images from natural language
descriptions. This task can be formalized as learning an accurate and interpretable mapping
between textual semantics, including object attributes, spatial relations, scene context,
and style requirements, and visual pixel representations [4]. In contrast to unconditional
image generation, which aims to produce realistic images without explicit constraints,
T2I generation requires models to capture subtle linguistic distinctions, resolve semantic
ambiguity, and translate abstract textual concepts into concrete visual details. From a
controllable generation perspective, this boundary also reflects an important engineering
reality: textual conditions are inherently weakly structured and lack a deterministic syntax
that directly grounds to pixels or layout. Consequently, models rely on vision-language
alignment representations, such as contrastively learned joint embeddings, to map open-
vocabulary semantic constraints into local evidence that can be progressively enforced
along the denoising trajectory [38].

Before diffusion-based T2I approaches became dominant, research largely followed
two directions. One direction focused on autoregressive generation over discrete visual
tokens. A representative example is DALL-E, which builds on VQ-VAE-style discrete codes
and models image generation using Transformers [39] in a discrete sequence space, enabling
limited semantic composition [40]. The other direction centered on adversarial learning,
where conditional GANs mapped text descriptions to images through supervised generator—
discriminator training, but often suffered from instability and limited semantic alignment,
particularly for high-resolution detail and long textual prompts. As diffusion models
demonstrated advantages in fidelity and training stability, attention shifted toward a unified
framework of conditional diffusion with explicit alignment mechanisms. The key advance
was not only improved image quality, but also the application of conditioning throughout
a multi-step denoising process, allowing textual constraints to influence generation in
a staged manner across noise scales. Early denoising stages primarily determine global
composition and semantic layout, whereas later stages focus on texture synthesis and
fine-detail consistency. This property provides a natural basis for staged conditioning and
mixture-of-experts designs [41].

Major progress along the diffusion-based T2I trajectory can be attributed to advances
in three areas: stronger text representations, more stable conditional guidance, and more
efficient generation carriers. GLIDE [42] represents an early text-conditional diffusion
framework that integrates textual information into the diffusion process and systematically
studies guidance strategies that balance photorealism and text alignment. Its introduction
of classifier-free guidance (CFG) established a general mechanism for controllable sampling
under free-form prompts. Imagen [43] further highlighted the importance of text encoders
for image—-text alignment. Rather than jointly training a text encoder on paired data, Imagen
employs a pretrained and frozen language model such as T5 [44], leveraging large-scale
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text-only corpora to improve semantic representation and enhance alignment and fidelity
through CFG during generation.

From an engineering scalability perspective, Latent Diffusion Models (LDMs) and
Stable Diffusion [28] move diffusion into a compact latent space, significantly reducing
computational cost through a pretrained autoencoder. These models employ cross-attention
as the primary conditional interface, allowing text tokens and visual latents to align dur-
ing denoising. This design improves the practicality of high-resolution generation and
supports an ecosystem of prompt engineering techniques, including negative prompts
and guidance weight scheduling, which enable finer control over the trade-off among
text constraint strength, image quality, and diversity. Building on this foundation, eDiff-1
analyzes differences in how diffusion sampling depends on text at early versus late stages
and improves alignment through staged expert denoisers without increasing inference
cost [41]. For larger-scale backbones and stronger performance, SDXL enhances detail
rendering and aesthetic quality through improved architectures and conditional training
strategies [45]. Systems such as DALL-E 3 emphasize more robust text understanding and
prompt following, improving reliability under complex semantics, typography, and long
prompts [46]. In large-scale industrial settings, PixArt-a integrates cross-attention into DiT
and adopts staged training and data strategies to balance cost and quality [47], while PixArt-
2 extends this direction through weak-to-strong training and efficiency improvements for
higher-resolution synthesis [48]. Hunyuan-DiT focuses on fine-grained bilingual under-
standing, multi-resolution modeling, and data pipeline design to strengthen large-scale T2I
generation [49]. In cascaded diffusion systems, DeepFloyd IF employs a frozen text encoder
together with a multi-stage pixel-space diffusion cascade to distribute high-resolution
detail recovery across stages, improving photorealism and scalability while preserving text
understanding [43].

Recent foundation models extend this progression from latent U-Nets toward flow-
based Transformer systems and unified multimodal interfaces. FLUX.1 uses a large rectified-
flow Transformer backbone, and its open-weight FLUX.1-schnell variant supports few-step
generation under an Apache-2.0 license [50]. This backbone is important for collaborative
control because its multimodal token interactions provide a different injection surface
from U-Net residual branches. OmniGen goes further by representing text, source images,
and target-generation instructions in one Transformer sequence [51]. It supports text-to-
image generation, subject conditioning, and image editing without a separate architecture
for each task. Compared with earlier specialized adapters, this unified interface reduces
task-specific engineering, but it transfers more responsibility to prompt interpretation and
increases backbone-level computation.

OminiControl represents a complementary recent development for DiT-based con-
trol [52]. Instead of adding a large parallel branch for each task, it reuses the backbone’s
VAE encoder and Transformer blocks, concatenates condition and image tokens in one
sequence, and adapts positional encoding to spatially aligned and non-aligned conditions.
Its reported 0.1% additional parameter requirement illustrates a shift from task-specific
control architectures toward compact interfaces that support several forms of image condi-
tioning. Relative to OmniGen’s unified generation interface, OminiControl focuses more
narrowly on parameter-efficient condition injection into an existing diffusion Transformer.

Despite substantial progress in image quality and open-domain semantic expressive-
ness, text conditioning continues to exhibit structural limitations. Uncertainty in natural
language with respect to spatial layout, object counting, and attribute binding can be
amplified during denoising into local mismatches or relational errors. Moreover, cross-
attention alignment under long prompts and multi-entity scenes is susceptible to token
competition, attention dilution, and semantic leakage, leading to unstable fine-grained text—

https:/ /doi.org/10.3390/math14152737


https://doi.org/10.3390/math14152737

Mathematics 2026, 14, 2737

8 of 38

image consistency. These limitations motivate subsequent methodological developments in
structured condition extensions, multi-condition fusion, and collaborative control. Typical
diagnosable failure modes include inconsistent object counts, incorrect attribute transfer
among entities, and the emergence of hallucinated local content unrelated to the prompt.
Such observations indicate that soft alignment via cross-attention alone is insufficient to
provide verifiable structural constraints, thereby motivating the introduction of explicit
spatial conditions, region-level constraints, and closed-loop correction mechanisms that
translate textual satisfaction into more stable process-level control signals.

1.3. Image-to-Image Conditional Image Generation

Image-to-image (I2I) conditional generation refers to the task of synthesizing a target
image xiar given a source image Xgrc as a condition. This task encompasses applications
such as image inpainting, style transfer, and super-resolution, and relies on deep generative
models to learn the conditional distribution p(Xtar | Xsrc). The objective is to generate visu-
ally plausible outputs while preserving structural consistency with the input. Compared
with text-to-image generation, I2I conditions operate directly in high-dimensional visual
space, requiring a finer balance among content preservation, local editability, and detail
consistency. Within the diffusion framework, this balance can be articulated as maintaining
condition-consistent low-frequency structure, including layout, contours, and geometry,
while allowing high-frequency details, such as texture, material appearance, and noise
coherence, to be guided by the generative prior along the sampling trajectory. Different
tasks impose different relative emphases on these aspects [53].

Historically, I2I conditional generation was dominated by conditional GANs, which
formulate the task as supervised mapping between paired image domains. Pix2Pix intro-
duced one of the earliest widely adopted paired I2I frameworks [54], while CycleGAN
removed the requirement for paired data through cycle consistency [55]. MUNIT and
DRIT further enabled multimodal outputs by disentangling content and style representa-
tions [56,57]. Despite their success, GAN-based approaches exhibit inherent limitations in
training stability, mode coverage, and modeling complex conditional distributions, motivat-
ing a transition toward diffusion models with explicit probabilistic formulations and stable
optimization. A key driver of this transition is controllable reconstruction: diffusion models
naturally support gradual recovery from noise and allow conditioning to be injected at
different noise scales, aligning well with practical image editing requirements in which
structure must be preserved while new details are synthesized [58].

Diffusion models generate images by transforming random noise through a sequence
of denoising steps, providing a probabilistic alternative to adversarial learning. In the
I2] setting, the central innovation lies in conditioning the reverse diffusion process on
the source image so that the output remains consistent with the input in both semantics
and structure. Work such as Palette demonstrates that diffusion models achieve strong
performance on tasks including colorization, inpainting, and reconstruction, and can unify
multiple I2I tasks within a single framework without designing task-specific architec-
tures [59]. Beyond unified multitask learning, training-free 121 guidance represents another
important contribution of the diffusion paradigm. ILVR injects structural information
from a reference image into an unconditional diffusion model by aligning or replacing
low-frequency components during sampling, enabling super-resolution, cross-domain
translation, and sketch- or scribble-guided control without additional training [53].

Latent diffusion further extends these benefits by performing diffusion in a compressed
latent space rather than pixel space. This approach substantially reduces computational
cost while retaining high-quality generation and enables injection of 12I conditions via cross-
attention or feature fusion mechanisms [28]. These advances are particularly important for
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super-resolution, which requires faithful reconstruction of both global structure and local
high-frequency detail. SR3 represents an early diffusion-based super-resolution method
that progressively restores high-frequency information over multiple denoising steps,
producing more natural textures under large upscaling factors and enabling cascaded
pipelines that combine base models with super-resolution refinement [60].

For image restoration tasks, recent work applies diffusion models to inpainting, denois-
ing, and deblurring. DiffIR combines a dynamic restoration Transformer with a compact
diffusion prior to improve stability and reduce the number of denoising steps required for
high-quality restoration [61]. In super-resolution, ResShift introduces a residual shift mech-
anism into the diffusion process to accelerate sampling while preserving high-frequency
detail under fewer steps [62]. For free-form inpainting, RePaint modifies only the reverse
sampling procedure by repeatedly reinjecting observed pixels in unmasked regions, al-
lowing an unconditional DDPM to adapt to extreme masks and diverse missing patterns
without retraining [63]. This approach illustrates the flexibility of sampling-time constraints
for I2I tasks.

The interaction between input image features and intermediate model representations
is a critical factor in the success of diffusion-based I2I methods. Cross-attention, feature con-
catenation, and multi-scale fusion are commonly used to integrate input conditions into the
denoising process, enabling preservation of global coherence while progressively restoring
fine detail. In inpainting and super-resolution, structural cues such as segmentation masks,
edges, and depth maps are particularly important for suppressing undesired content drift
and enhancing structural consistency. From a control-interface perspective, I12I conditions
can function as hard observations, such as unmasked pixels or low-resolution inputs that
are enforced during sampling, or as soft conditions, such as reference style or semantic
edit directions that influence denoising through alignment losses or guidance gradients.
The combined use of these two condition types forms a basic paradigm for subsequent
collaborative control, in which hard constraints and soft guidance operate in parallel [64].

In summary, diffusion models provide a stable, flexible, and high-quality probabilistic
generation framework that shifts I2I conditional generation away from adversarial learning
toward explicit conditional consistency constraints and controllable denoising trajectories.
This shift establishes a solid foundation for later developments in multi-condition fusion
and collaborative control. At the same time, text-guided I2I editing has emerged as a bridge
between T2I and I2I paradigms by using real images as anchors for semantic manipulation.
Methods such as DiffusionCLIP [58] and Blended Diffusion [64] leverage vision-language
models to translate textual constraints into optimization signals, enabling robust zero-
shot editing and improved background preservation through global semantic control and
region-level editing, respectively.

2. Condition Extensions and Multi-Condition Fusion for
Controlled Generation
The central problem of conditional diffusion is to align an external condition ¢ with

intermediate denoising representations so that generation satisfies the constraint while
preserving the learned prior. In a general form, the reverse transition becomes

po(xi—1 | xt,¢) = N (xe—1; po(xe,t,¢), o (x1, £, ¢)), (11)

where py is the learned reverse kernel and 6 denotes its parameters. The variable ¢ may
represent text, masks, depth, poses, reference images, or external knowledge. The functions
Hg and Xy are the condition-dependent reverse mean and covariance. Condition injection
enters through three interfaces: the input state, intermediate features, or attention. These
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interfaces determine control granularity, interpretability, and the location where conflicts
emerge under composition [39,65].

Text-to-image models provide open-ended generation but cannot reliably specify com-
plex layouts, strict geometry, or editable regions through language alone [5,7]. Condition
extension and multi-condition fusion therefore upgrade user intent from weak textual
hints to executable signals, such as geometry, topology, region semantics, and interaction
trajectories, reducing prompt engineering and uncertainty [63].

2.1. Nowvel Single-Condition Control Extensions

Novel single-condition control introduces structured or observable constraints that
compensate for text in spatial layout and geometry. Conditions can be dense pixel-level sig-
nals, such as edges, depth, and segmentation; sparse object-level signals, such as bounding
boxes, keypoints, and scene graphs; or interactive process signals, such as drag trajec-
tories and brush hints. These forms determine the condition encoder, injection location,
and conflict-resolution strategy [53]. Instead of relying on a weak prompt-to-pixel path,
such methods create a stronger chain from condition space to intermediate representa-
tions and then to denoising updates, reducing object misplacement, relation confusion,
and structural drift [6]. Many conditions directly encode target spatial structure and ge-
ometric relations, including sketches, edges, depth, semantic segmentation, bounding
boxes, and scene graphs. Yang et al. proposed a diffusion-based scene-graph-to-image
framework that learns graph-structured representations aligned with real images at both
global and local levels and uses them as conditions for training a latent diffusion model,
improving adherence to scene-graph constraints [66]. For sketch-like spatial conditions,
Voynov et al. proposed an inference-time guidance paradigm based on a lightweight
Latent Guidance Predictor that maps intermediate latent features in a diffusion model
to spatial map predictions and injects a spatial consistency loss during sampling to pro-
gressively align generation with a target sketch. This approach enables spatial control
without training a dedicated encoder for each condition type. It also unifies supervision
across spatial maps, including sketches, edges, and segmentations, by expressing them as
differentiable constraints that can be evaluated during inference. Rather than relying on
end-to-end encoder injection, the sampling trajectory is repeatedly corrected by computable
consistency objectives, which naturally supports reuse across diverse spatial conditions [67].
Within training-free spatial control, ILVR provides an instructive reference by aligning
low-frequency structure during sampling. This result indicates that, even without explicit
ControlNet or adapter branches, structural adherence can be enforced through frequency-
domain and scale-based operations that act directly on the denoising trajectory, suggesting
transferable designs that combine lightweight guidance with structural conditions.

Another class of conditions emphasizes controllable correspondences between textual
entities and image regions, often specified as paired localization and semantics in the
form of bounding boxes or segments together with captions or phrases. Li et al. pro-
posed GLIGEN, which injects grounding conditions through newly introduced trainable
layers with gating while keeping the backbone of a pretrained text-to-image diffusion
model frozen. This design enables joint conditional generation with captions and spatial
constraints, such as bounding boxes, and maintains strong generalization and zero-shot
grounding for open-set concepts and novel spatial configurations [68]. This line of work up-
grades object-level controllability from prompt engineering to verifiable spatial constraints.
Once object-to-region correspondences are specified explicitly, attribute binding errors in
multi-entity scenes can be reduced, providing stable anchors for more complex coordina-
tion, such as combining region text with segmentation or depth. At an implementation
level, GLIGEN remains effective with a frozen backbone because grounding is injected as
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an additional gated control channel at feature interaction sites, allowing spatial anchors to
influence update directions of denoising residuals rather than acting only as indirect hints
on the text side [68].

In practical settings, high-precision dense geometric conditions, such as accurate depth
maps, are often difficult to obtain. This motivates methods that use relaxed geometric
constraints as interactive alternatives. Bhat et al. addressed this bottleneck by generalizing
depth conditions from dense maps to weaker geometric constraints, such as boundaries
and 3D boxes, and by emphasizing generalization of geometric control and interactive
workflows under weak conditions. A representative contribution of LooseControl is the
reinterpretation of depth conditioning as an editable geometric scaffold interface. Users
provide low-cost constraints, such as room boundaries or 3D boxes, and the model synthe-
sizes unspecified details while maintaining global perspective consistency, which aligns
with iterative content production workflows that establish structure first and refine details
later [69]. This trend shifts part of the controllability burden from the data side, where
annotations are expensive, to the interaction side, where inputs are lower cost. It trades
stronger geometric guarantees for sufficiently useful layout consistency and better matches
practical processes of rapid iteration and progressive correction [69]. Methodologically,
it pushes single-condition control from pursuing maximal constraint strength toward a
tunable trade-off between constraint strength and degrees of freedom. When a condition
is incomplete, the system typically requires explicit fault-tolerance mechanisms, such as
constraining only low-frequency structure or activating the condition only at selected
noise stages, to avoid artifacts or structural breaks that may arise from hard injection of
imperfect constraints.

At the level of injection interfaces, ControlNet [6] and T2I-Adapter [7] represent two
typical paths, namely a frozen backbone with a dedicated control branch and a lightweight
adapter, respectively. The former achieves strong control through a stable branching struc-
ture around a frozen backbone, whereas the latter supports lower-cost condition extension
and compositional deployment through plug-in adapters. In practical systems, the distinc-
tion is often reflected in a three-way trade-off among control strength, model footprint,
and compositional flexibility. ControlNet favors strong constraints with reliable empirical
performance, whereas adapters favor lightweight composition and rapid iteration. This
trade-off directly affects the complexity of conflict management in multi-condition systems
and the scheduling policies used at inference time. A common product-oriented strategy
is to use a strong ControlNet-style module to lock a critical spatial scaffold, such as pose,
segmentation, or depth, and to use lighter components, including adapters and attention
manipulation, to introduce secondary semantics or style preferences. This reduces the
decision pressure that arises when multiple strong constraints are stacked simultaneously.

2.2. Fusion Mechanisms for Multi-Condition Control

Multi-condition control integrates two or more signals, such as text and edges, seg-
mentation and pose, or text and depth. Its central challenge is spatial and semantic conflict
among conditions. Mainstream fusion strategies include parallel additive fusion, cross-
attention fusion, and dynamic weight fusion. A compact representation is

N
hy=h+ ) wi(t,1) Gi(ci), (12)
i=1

where I; and £ are the pre-fusion and post-fusion features at layer I. The set contains N
conditions, ¢; is condition 7, and G; is its encoder. The schedule w;(t,1) controls condition
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strength at timestep ¢ and layer [. Static fusion fixes these weights, whereas dynamic fusion
adapts them to the temporal roles of conditions [70]. Conflict mediation can be expressed as

N
. Li(%0,¢;) + Qui(c;, ci,w;, w:), "
() i=1 ki) ﬁ; i (Cir s i, Wj) (13)

where %y is the clean-sample estimate and £;(%o, ¢;) measures adherence to condition i.
The coefficient &; > 0 specifies its priority, while f > 0 controls the pairwise conflict
penalty ();;. This penalty measures incompatibility or redundancy between conditions
i and j under their schedules. The formulation turns output conflicts into process-level
decisions [14]. Parallel additive fusion established the first scalable path for structured
control. ControlNet transforms each condition through a dedicated branch and adds its
residuals to matched U-Net features [6]. This design provides strong spatial adherence and
preserves the pretrained backbone, but parameter and memory costs grow with the number
of branches. T2I-Adapter and Uni-ControlNet respond to this limitation by compressing
control into lightweight or shared adapters [7,71]. They improve storage and compositional
flexibility, although small adapters may provide weaker control when geometry is strict or
inputs conflict.

Attention-based methods address a different limitation: additive features do not
explicitly bind semantic entities to regions. Make-A-Scene couples segmentation with text
through cross-attention, while SpaText constructs spatial text representations for open-
vocabulary regions [72,73]. These methods improve attribute binding and local semantics
because region tokens interact directly with visual tokens. Their cost grows with region
density, and their accuracy depends on the quality of masks or region descriptions. Thus,
attention fusion is preferable when semantic correspondence is primary, whereas feature
branches remain stronger for dense geometry.

Inference-time composition avoids training a new joint controller. Composable Diffu-
sion combines conditional scores as energy terms and generalizes to uncommon concept
combinations [74]. pix2pix-zero estimates edit directions in text space, while MultiDiffu-
sion couples several regional denoising paths through a shared optimization target [75,76].
These methods are flexible and reusable, but they trade parameter efficiency for repeated
denoising, sensitivity to guidance scales, or weaker hard spatial guarantees.

Unified multi-condition models attempt to resolve these trade-offs at the policy level.
Composer trains on decomposed factors, including text, depth, sketches, and color, so that
arbitrary subsets can be combined at inference [77]. Cocktail regulates branch statistics
and spatial scope, while DynamicControl evaluates candidate controls before selecting and
weighting them [70,78]. This progression moves the field from unconditional summation
toward explicit arbitration. It also reveals a remaining limitation: an arbitration policy can
only be as reliable as its conflict detector and training coverage.

Across these families, performance differences follow from where and when a con-
straint acts. Dense feature branches usually outperform lightweight adapters on strict
edges, depth, and pose because they influence several resolutions. Region attention is more
effective for object—attribute binding because it provides explicit correspondences. Multi-
path inference handles disjoint regions well but scales with the number of paths. Dynamic
scheduling is most useful when inputs are redundant or inconsistent, although it adds
evaluator and policy cost. The relevant comparison is therefore not a single quality score,
but a Pareto balance among constraint fidelity, composability, robustness, and compute.

Table 1 compares representative fusion methods from the perspectives of condition
composition, integration interface, adaptation requirement, and practical trade-offs.
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Table 1. Representative multi-condition fusion strategies for collaborative control in diffusion models.

Method Conditions Interface Fusion/Arbitration Main Trade-Off
strong control; limited
ControlNet [6] text + spatial controls feature branch additive branch injection explicit conflict arbitra-
tion
fine-grained semantics;
SpaText[73] global text + region text + attention region-wise text guidance  costly with dense re-
segmentation gions
flexible without re-
Composable Diffu- multiple textual concepts sampling score compositional score fusion  training; weak spa-
sion [74] tial grounding
MultiDiffusion [76]  text + regional con- trajectory/sampling coupled regional diffusion it'rong 1'ayout control;
) igher inference cost
straints paths
broad coverage; in-
Composer [77] text, depth, sketch, color ~ feature injection unified factor composition  consistent inputs

Uni-ControlNet [71]

Cocktail [78] multimodal regional
controls

Dynamic Con- multiple candidate

trol [70] conditions

local + global controls

adapters

feature + sampling

scheduling

unified local/global
adapters

ControlNorm and spatial
guidance

adaptive selection and
weighting

remain difficult
scalable interface; vari-
able control strength

robust multimodal
fusion; added tun-
ing burden

handles redun-
dancy/conflict; extra
policy cost

Table 2 shows that collaborative control methods optimize different targets: Control-
Net and T2I-Adapter emphasize structural or semantic adherence, GLIGEN combines
quality with object-level grounding, MultiDiffusion stresses regional composition, and Dy-

namicControl or UniCombine evaluate heterogeneous control with metrics such as Canny
F1, HED SSIM, OpenPose mAP, depth RMSE, mloU, CLIP-I, DINO, and CLIP-T. Thus,
multi-condition fusion should be assessed jointly by fidelity, condition adherence, structural

alignment, subject consistency, and computational overhead.

Table 2. Quantitative comparison of representative multi-condition fusion and control methods.

Method Backbone Task/Dataset Metrics Reported Results
FID 15.27; CLIP 0.26;
. . ADE20K segmentation; FID, CLIP, IoU, IoU 0.35 + 0.14; human
ControlNet [0] Stable Diffusion sketch study human rank quality /fidelity
4.22/4.28.
Seg.: FID 16.78, CLIP
T2I-Adapter [7] SD1.4 COCOtext + FID, CLIP 0.2652; sketch: FID
segmentation /sketch 1736, CLIP 0.2666
COCO2014D: FID 5.61,
COCO grounded AP/AP50/ AP75
GLIGEN [68] LDM/SD generation FID, YOLO AP 24.0/42.2/24.1;
COCO02017 FID 21.04.
. . . . . FID 10.3 £+ 4.8; CLIP
MultiDiffusion [76] Stable Diffusion  text-to-panorama FID, CLIP, aesthetic 0.27; aesthetic 6.36.
Canny F1 39.26; HED
. MultiGen-20M, F1,SSIM, mAP, SSIM 0.8376; OpenPose
DynamicControl [70]  SD1.5 ADE20K, COCO-Stuff ~ RMSE, mloU mAP 82.63; depth
RMSE 23.21.
Multi-spatial: FID 6.82,
UniCombine [79] FLUX 1-schnell multi-spatial and FID, F1, MSE, F10.64, CLIP-T 33.45;

subject control

CLIP-I/DINO/T

subject insertion:
FID 4.55.

2.3. Challenges and Optimization of Multi-Condition Control

Multi-condition control expands the controllable space but introduces structural chal-

lenges: semantic inconsistency, redundant signals, cross-resolution alignment errors, long-

tail condition combinations, and expensive paired annotations. These failures appear as

concept drift, attribute binding errors, boundary misalignment, local artifacts, or suppres-

sion of one condition by another. Recent optimization strategies progress from feedforward
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stabilization to semantic disentanglement, spatial alignment, and closed-loop feedback.
A general training or inference objective can be written as

ctrl

N i
T = Eixpe| lle — e0(xt,£,C) 3+ L ML (2, ) + (1) Leons (£, 0) |, (14)
=1

where 7 is the total training or sampling objective and C = {¢;}¥, is the condition set.

(t) )

The estimate £, is recovered from x; at timestep ¢. The loss Ecir
condition 7, and L¢ons measures cross-condition or cycle consistency. Crucially, A;(t) > 0

| measures adherence to

and y(t) > 0 are timestep-dependent schedules rather than fixed constants. Piecewise,
monotone, or learned schedules can prioritize layout at high noise, then identity, seman-
tics, and texture at lower noise. This staged objective represents the denoising properties
discussed throughout the survey and clarifies why unstable schedules amplify spatial or
semantic errors [70,78]. At the feedforward level, differences in modality and inconsistent
injection scales are major sources of instability, motivating normalization and injection
designs that reduce mismatches in gradient scales and feature statistics. Cocktail aligns
multimodal control signals with gControlNet and uses ControlNorm to regulate feature
statistics and influence strength of different condition branches at injection time. To-
gether with spatially guided sampling, this approach reduces unintended changes outside
specified regions and mitigates instability and condition distortion under multimodal
composition [78]. Complementary to this direction, Uni-ControlNet reduces the cost of
multi-condition control through architectural organization. Under a frozen pretrained
diffusion backbone, it introduces two classes of adapters, local control and global con-
trol, such that model size and fine-tuning cost do not scale linearly with the number of
condition types, and it emphasizes composable multi-condition control within a single
model [71]. Beyond deployment efficiency, a unified interface also standardizes the ac-
tion space for condition selection and scheduling. When different conditions enter the
denoising chain through isomorphic interfaces, transferable dynamic weighting policies
become easier to learn. For more general composition, UniCombine proposes a unified
architectural paradigm based on DiT [30] and conditional attention, aiming to maintain
consistent alignment under arbitrary condition subsets. It also constructs datasets that
compose subject conditions with spatial conditions to mitigate instability caused by limited
coverage in training [79]. From a systems perspective, these methods pursue sublinear
cost scaling with respect to the number of supported conditions. If each new condition
requires an additional ControlNet branch, storage and deployment costs increase linearly.
Unified adapters and composable interfaces therefore become important for engineering
multi-condition collaboration. This also aligns with the recent shift from adding isolated
new conditions toward ensuring stable behavior under arbitrary combinations, which
better matches open-world inputs in practical applications.

At the level of semantic consistency, multi-condition failures often originate from
semantic conflicts and representational entanglement. Semantic conflicts occur when
global text, region text, and layout or relation constraints disagree, whereas entanglement
commonly arises in subject customization or multi-concept injection when identity infor-
mation becomes contaminated by mutable attributes. To reduce conflicts and improve
composability, DC-ControlNet decomposes global control into a hierarchical conditioning
system and introduces intra-element and inter-element controllers that separately handle
object-internal content or layout signals and object-relational signals, such as occlusion.
This reduces misinterpretation and mutual suppression when multiple elements and con-
ditions are applied simultaneously [80]. DynamicControl formulates selection, ordering,
and weighting of conditions as a learnable decision problem. It uses condition evaluation
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and dynamic multi-control adapters to adaptively select effective signals under multi-
condition inputs, reducing the negative influence of redundant or noisy conditions on the
generation trajectory [70]. DivControl decomposes ControlNet-style control into reusable
base components and condition-specific tailoring modules, aiming to reduce knowledge
interference across conditions and improve parameter efficiency for multi-condition ex-
tension within a unified framework [81]. For entanglement in subject-driven generation,
DisenBooth performs disentangled fine-tuning during denoising by separately learning
identity-preserving and identity-irrelevant embeddings and by introducing auxiliary objec-
tives, including weak denoising and contrastive embedding losses, to reduce identity drift
and dominance of irrelevant factors. This improves identity stability and control flexibility
when combining subject conditions with pose, background, and text [82]. In training-free
multi-concept composition, LoORA-Composer mitigates concept vanishing and concept
confusion by introducing concept injection and isolation constraints together with latent
re-initialization, reducing suppression and interference when multiple LoRA modules are
combined [83]. Concept Sliders parameterize concept control as continuous sliders along
low-rank directions, enabling interpretable and smoothly adjustable concept strengths
while reducing interference with other attributes [84].

For spatial alignment, multi-object and multi-condition composition can amplify mis-
alignment errors of structural conditions across resolutions and noise stages, motivating
mechanistic constraints that reduce dependence on heuristic tuning. LayoutDiffusion
addresses layout-to-image generation by unifying layout and image representations and ex-
plicitly modeling multi-object relations through a Layout Fusion Module and Object-aware
Cross Attention. This improves position sensitivity and object-level consistency in multi-
object scenes and reduces drift under complex layouts [85]. Under realistic inputs where
visual control and text prompts are not perfectly aligned, Mask-guided Prompt Following
distinguishes aligned and misaligned regions using object masks and introduces a Masked
ControlNet that targets synthesis in misaligned regions, improving prompt following and
robustness to imperfect control signals under multi-condition inputs [86]. In addition,
ControlNet++ introduces pixel-level cycle consistency by using reconstruction error from
condition to generation back to condition as an optimization signal and incorporates reward
models to provide consistency feedback at relatively low cost. This provides a general
mechanism for improving controllability when spatial alignment cannot be achieved in
a single forward pass [87]. When feedforward fusion and structured modeling remain
insufficient for long-tail combinations, closed-loop feedback and cycle consistency can serve
as practical mechanisms for stabilization. ControlNet++ demonstrates that controllable
diffusion can still deviate from input controls under diverse conditions and introduces
cycle consistency as an objective. It further constructs consistency rewards with pretrained
discriminative models and uses an efficient reward fine-tuning procedure that avoids the
cost of multi-step backpropagation, improving condition alignment without changing the
overall framework [87]. CycleNet introduces cycle-consistency regularization for unpaired
image manipulation under text-guided diffusion, improving content preservation and trans-
lation consistency and demonstrating robustness under limited data and cross-domain
shifts [88]. GDCC further exploits the duality between layout-to-image generation and
object detection by constructing a generation—detection cycle-consistency framework that
converts layout alignment errors into measurable supervision through detection feedback,
improving layout adherence and recognizability [89]. LightDiff applies multi-condition
diffusion to unpaired low-light enhancement, introduces multi-condition adapters with
adaptive weight control, and trains with reward signals derived from perceptual models,
illustrating a practical pipeline that combines weak or unpaired data with reward feedback
for multi-condition stabilization [90]. Across these closed-loop approaches, a shared idea
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is to convert condition satisfaction from implicit subjective judgment into computable
external metrics, such as detection, segmentation, similarity measures, or reward models,
thereby providing additional supervision for long-tail combinations. The cost is typically
increased pipeline complexity and tighter coupling between training objectives and external
evaluators [91].

Table 3 further links multi-condition control failures to measurable evaluation targets.
Edge, pose, depth, and segmentation controls correspond to different types of failure: weak
edge alignment can be reflected by low Canny F1 or HED SSIM; pose inconsistency can
be measured by OpenPose mAP; geometric drift can be reflected by depth RMSE; and
semantic-region misalignment can be measured by segmentation mloU. Compared with
early adapter- or grounding-based methods, ControlNet-style branch injection usually pro-
vides stronger structural controllability, while methods such as Cocktail and ControlNet++
further improve multimodal fusion or consistency feedback. DynamicControl achieves the
best reported results in this comparison, suggesting that adaptive condition selection is
effective when multiple conditions are redundant, noisy, or mutually conflicting. Therefore,
failure-aware evaluation is necessary for collaborative control: a method with high visual
fidelity may still fail if it cannot preserve spatial, geometric, or semantic constraints under
multi-condition composition.

Table 3. Quantitative comparison of representative methods for mitigating multi-condition con-
trol failures.

Canny HED OpenPose Depth ADE20K COCO-Stuff

Method Main Failure Addressed Fi1 SSIM? mAP! RMSE| mioUt mloU 1
T2I-Adapter-SDXL [70] single-condition structural control with lightweight adaptation 28.03 ~ NR 63.89 39.76 NR NR
T2I-Adapter-SD1.5 [70] lightweight adapter-based control under Stable Diffusion 1.5 23.66 NR 60.17 48.40 12.60 NR
GLIGEN-5D1.4 [68,70] grounding and spatial anchoring for object-level control 2692 0.5641  69.88 38.82 2377 NR
Uni-ControlNet [70] unified local and global condition composition 2731 0.6912 7271 40.66 19.39 NR
UniControl [70] unified controllable visual generation 30.83 0.7967 75.87 39.17 25.45 NR
ControlNet-SD1.5 [6,70] strong branch-based structural injection 34.66 0.7622 NR NR 32.56 27.47
Cocktail [70] multimodal control fusion and spatially guided sampling 3522 0.8152  78.82 35.90  36.55 29.68
ControlNet++ [70] consistency-feedback enhanced controllability 37.04 0.8097 NR 28.32  43.64 34.56
DynamicControl [70]  adaptive condition selection and conflict reduction 39.26 0.8376 82.63 23.21 48.56 37.78

Note: NR denotes a metric not reported for that method in the common comparison source. It is not treated as a
zero score. All values are transcribed from the same DynamicControl evaluation protocol [70].

3. Collaborative Control Paradigms in Diffusion Models

3.1. Definition and Taxonomy of Collaborative Control Paradigms

Definition 1 (Controllable diffusion). A diffusion system is controllable when an external condi-
tion ¢ changes a specified attribute or region of its output distribution. One prompt, one classifier

gradient, one mask, or one ControlNet branch is sufficient for this definition. The mechanism need
not coordinate several controls or verify their joint satisfaction.

Definition 2 (Collaborative control). Collaborative control is the subset of controllable diffusion
in which at least two independently represented conditions, controllers, models, or evaluators
affect one generation process. Their influence must be coordinated through explicit fusion, routing,
scheduling, spatial partitioning, optimization, or feedback. The system must also expose a joint
objective or verification rule for their combined constraints.

The collaborative reverse update can be expressed as
xp—1 = Pp(x1,t; C, M, 11y), (15)
where x; and x;_1 are consecutive noisy states and @y is the reverse operator with parame-

ters 0. The set C contains external conditions, M contains auxiliary modules or models,
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and 71; is the timestep-dependent coordination policy. A single-condition method belongs
only to controllable diffusion unless it adds another independently acting component
and an explicit coordination rule. Thus, LDMs and FLUX are enabling backbones, and a
single ControlNet is a controller. They become collaborative systems when combined with
other controls, planners, or evaluators under a fusion or feedback policy. This boundary
yields three collaborative classes. First, module-backbone collaboration combines several
branches or adapters with an explicit fusion rule. ControlNet and T2I-Adapter are building
blocks in this class when multiple instances or modalities are composed [6,7]. Second,
cross-model collaboration assigns distinct roles to planners, generators, segmenters, or au-
ditors. An LDM alone is only a computational substrate because its autoencoder does
not arbitrate a control objective [28]. Third, cross-modal collaboration aligns text, images,
regions, and geometry, then schedules their influence across the denoising trajectory. These
classes overlap when an external planner routes several multimodal controllers.

Large language models (LLMs) and multimodal large language models make the
cross-model class explicit. ELLA uses a timestep-aware connector to align LLM semantics
with different denoising stages [92]. Self-correcting LLM-controlled Diffusion Models (SLD)
instead close the loop by auditing a candidate and issuing add, delete, move, or modify
actions [93]. Recaption, Plan, and Generate (RPG) decomposes a scene into region prompts
and executes them through regional diffusion [94]. These methods move language models
from prompt encoders to planning or auditing roles.

The translation from verbal feedback to an executable correction can be formalized.
At iteration k, an auditor A observes candidate image I¥), prompt p, and constraints C.
A parser P converts its verbal error (%) into structured edits:

e® =AW, pc), 20 =pE®)={(a;0,b;,5)}

L (16)

where ] is the number of edits. Each tuple contains an action 4;, target object o0;, box or
region b;, and strength s;. A detector or segmenter converts b; and o; into a binary or soft

mask M](k). This step grounds a language-level diagnosis in image coordinates.

For SLD-like correction, the union mask M®) can restrict a latent update to diag-
nosed regions:
k k o
) = P~ M® © V4, L D), 20)), (17)

where 7; is the update step, © denotes elementwise multiplication, and D decodes the
(t)

clean estimate £, . The differentiable loss £,,4ir measures whether the structured edit has
been satisfied. Implementations may replace this gradient abstraction with explicit masked
add, delete, move, or modify operators.

For RPG-like execution, the parser instead produces regional prompts p; and masks

M;. Regional denoising predictions are fused as

5 — 2]1:1 M] ®© £9<xtl t/ p])
=

(18)
]
Tl Mj+4

where ¢ is the denoiser, &; is the fused prediction, and § > 0 prevents division by zero.
Overlaps require normalization or priority rules. The auditor can then re-evaluate the
fused image and issue another structured plan. Figure 2 summarizes this transition from
open-loop generation to evaluator-guided collaborative correction.
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Figure 2. Open-loop generation and closed-loop collaborative correction. The solid path converts
intent and heterogeneous conditions into executable controls and a candidate image. Task evaluators
either accept the result or return a structured error. Dashed paths distinguish collaborative control by
mapping that error to regional correction or re-planning before the next denoising attempt.

Within collaborative control, the methodological spectrum can also be interpreted
through two complementary routes, namely control consolidated during training and con-
trol overlaid during inference. Training and fine-tuning approaches encode controllability
into parameters and the effective data distribution through task objectives. Representative
foundation models, such as Imagen [43] and DiT [30], raise the upper bound of controlla-
bility by improving backbone expressiveness and enabling scalable training. In contrast,
inference-time overlay methods emphasize reuse through modular injection, attention
manipulation, guidance functions, or external toolchains without rebuilding the backbone.
This lower-cost route is particularly suitable for multi-condition collaboration and rapid
extension [43].

3.2. Representative Methods and Technical Pathways

In pathways that coordinate control modules with diffusion backbones, the core goal
is to align control signals with key intermediate representations along the denoising process
while supporting composable injection. ControlNet freezes the backbone and introduces a
trainable control branch. With designs such as zero convolutions, it avoids perturbing the
backbone during early training and learns stable mappings from conditions to features [6].
Uni-ControlNet further abstracts control into local and global control adapters, enabling
composable superposition of different control modes under a constant adapter size [71].
Cocktail proposes gControlNet and ControlNorm. It first mixes multimodal control signals
into a unified embedding and then injects this embedding into the backbone, while using
spatially guided sampling to suppress redundant objects outside specified regions [78].
From the perspective of where alignment occurs, these modular collaboration methods do
not merely add an auxiliary branch. They select injection interfaces at multi-scale residual
blocks, attention blocks, or normalization layers within the U-Net. Injection closer to
low-resolution layers tends to constrain global layout and coarse object placement, whereas
injection closer to high-resolution layers tends to affect texture, edges, and boundary
fidelity. As a result, the allocation of injection strength for a given condition across layers
directly determines the trade-off between layout adherence and natural detail, and it
influences whether conflicts under multi-condition composition are more likely to appear
at a geometric level, such as position and boundaries, or at a semantic level, such as
attributes and style [95].

ControlNet++ targets stronger generalization and more robust control. It refines
injection mechanisms and training strategies within the ControlNet framework to increase
control strength under complex conditions [87]. On the adapter-based collaboration side,
T2I-Adapter learns a mapping from condition encodings to backbone interactions using
lightweight modules, reducing storage and training overhead while supporting parallel
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composition of multiple adapters [7]. IP-Adapter further treats image prompts as plug-
and-play adapters injected into text-to-image diffusion models [96]. By decoupling cross-
attention to provide an independent channel for image features, it becomes compatible with
text prompts and structured control tools. Under the engineering tension between strong
control and low-cost extension, the ControlNet family and adapter-based methods can be
interpreted as two strategies for channeling conditions. ControlNet provides structured
conditions through a parallel feature pathway aligned with the backbone to achieve stronger
control reachability, whereas adapters compress conditions into compact plug-in mappings
to achieve higher compositional density. When a system must support both structured
conditions, such as edges, pose, and segmentation, and example-based conditions, such as
reference images and style, an additional attention channel design, such as IP-Adapter [96],
can coexist with structural control in parallel and reduce competition in which one condition
consumes the attention budget required by another. For DiT backbones, OminiControl
extends this efficiency trend by using a shared token sequence and adaptive positional
encoding for both aligned spatial controls and non-aligned subject conditions, with only
0.1% reported additional parameters [52]. Beyond these representative methods, recent
work has explored designs that trade off efficiency and fidelity under multimodal control,
for example by using finer-grained routing and parameter sharing to reduce compute and
memory overhead under multi-condition parallelism, thereby pushing composable control
from paper-level prototypes toward deployable inference budgets [97].

In cross-model collaboration pathways, a representative direction introduces external
alignment or understanding models into the generation loop to improve controllability and
interpretability. GLIGEN injects open-vocabulary entities and spatial anchors into the gen-
eration process to enable grounded control from text entities to image regions [68]. BoxDiff
uses bounding boxes as structural control signals to guide diffusion models to satisfy
target layouts [98]. Attend-and-Excite improves controllable generation for key tokens and
target objects by explicitly constraining cross-attention focus, mitigating object omission or
mismatch caused by textual ambiguity [99]. MultiDiffusion achieves region-level or multi-
target collaborative control by binding multiple diffusion paths. It emphasizes parallel
sampling for different regions during inference and enforces consistency during fusion,
enabling multi-region spatial constraints, local controls such as boxes and segmentation,
and global canvas controls such as panoramic generation. The multi-path binding idea
exemplified by MultiDiffusion provides a distinct paradigm of cross-module collaboration.
Rather than stacking all conditions on a single denoising trajectory, it allows different re-
gions or constraints to follow localized generation trajectories and then merges them into a
globally coherent process through shared parameters and consistency coupling. This design
is well suited to engineering tasks such as multi-canvas posters, partitioned layouts, long
images, and panoramas [76]. In commercial posters, advertising assets, and e-commerce
product pages, readable text rendering and controllable layout have become production
constraints that are comparable in importance to structural control. TextDiffuser proposes
a two-stage paradigm that plans text layouts before diffusion generation. It also constructs
large-scale OCR-annotated datasets and benchmarks to evaluate text rendering quality
systematically, indicating that text rendering has shifted from an auxiliary capability to a
task that can be modeled and evaluated explicitly [100]. TextDiffuser-2 further introduces a
large language model for layout planning and dialog-based modification. It makes layout
generation and modification an interactive language-driven process and explicitly models
line-level positions and content in condition encoding, aligning with iterative typography
workflows in practical design [101].

In inference-time overlay control and editing pathways, methods apply control to
attention, feature injection points, or sampling trajectories, embedding editing actions into
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inference with limited additional cost. Prompt-to-Prompt manipulates cross-attention maps
to enable text-only local replacement and editing strength control [102]. InstructPix2Pix
constructs instruction-supervised data and trains conditional diffusion models such that
natural language editing instructions can be executed in a single forward pass [103]. SDEdit
reformulates user guidance as an editing procedure in which noise is added and then
removed using diffusion priors, enabling a tunable trade-off between realism and fidelity
to the input [104]. DiffEdit automatically generates an editing mask by contrasting model
predictions under a source prompt and a target prompt, reducing reliance on manual masks
and improving usability for local editing [105]. Region-Aware Diffusion targets region-
level text editing and improves semantic consistency while preserving non-edited regions
through region-aware entity-level control [106]. MaskSketch introduces sketch structure as
sampling-time spatial constraints through a pretrained masked generative Transformer,
enabling structure-guided generation without paired supervision or fine-tuning [107].
pix2pix-zero addresses two practical limitations in real image editing, namely incomplete
prompt specification and drift in non-target regions. It discovers editing directions in the
text embedding space and performs training-free zero-shot image-to-image translation
on pretrained text-to-image diffusion models [75]. DragDiffusion converts interactive
point dragging into constrained optimization over diffusion features, enabling fine-grained
control over shape and position [108]. To integrate these inference-time methods into a
unified collaborative control framework, it is helpful to distinguish whether real images
must be mapped back into the diffusion domain. One group of methods, such as Prompt-to-
Prompt [102] and Attend-and-Excite [99], primarily manipulates attention and denoising
dynamics and is best suited to semantic editing of diffusion-generated images. Another
group, such as SDEdit [104], DiffEdit [105], and pix2pix-zero [75], explicitly operates on
the trajectory of noising and denoising from an input image and emphasizes content
preservation and edit directionality. In real image editing, the quality of inversion often
determines an upper bound on controllability. Null-text Inversion [109] and Imagic [110]
provide important preparatory steps by aligning a real image with an editable manifold
in the model before stable text or structural control can be achieved. With the rise of few-
step diffusion and distilled models, the tension between inversion quality and inversion
speed becomes more pronounced. Optimization-based inversion can provide accurate
reconstructions but is computationally expensive, and it may create a stronger conflict
between reconstruction fidelity and editability in few-step settings. ReNoise introduces
iterative renoising during inversion to correct approximation error in the forward trajectory,
improving inversion fidelity without substantially increasing the number of operations
while maintaining editability across samplers and accelerated models [111]. Negative-
prompt Inversion advances inversion from iterative optimization to a forward procedure
by constructing negative prompts that yield approximately equivalent reconstructions,
significantly reducing inversion time and improving usability for interactive editing [112].
Collectively, these results highlight an engineering consideration: when a collaborative
control system treats real image editing as a standard workflow, inversion should be treated
as a key control component that is plug-and-play, accelerable, and evaluable rather than an
implicit pre-processing step. For non-rigid editing and multi-image consistency, MasaCtrl
modifies self-attention into mutual self-attention. Without fine-tuning, it enables query-
based reuse of appearance and texture from a source image and provides a mechanistic
compromise between consistency and editability that combines naturally with structural
control tools, such as ControlNet and T2I-Adapter [113]. Finally, Plug-and-Play Diffusion
Features formulates image-to-image tasks through feature reuse. It unifies image editing as
test-time feature guidance injection and supports structure guidance from sketches to real
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images without training or fine-tuning, covering an important portion of the inference-time
overlay spectrum for feature-level collaboration [114].

In personalization and multi-concept composition pathways, the objective is to address
persistent difficulties of multi-condition collaboration through parameter efficiency and
composability. Textual Inversion [115] learns new word embeddings from a small number
of examples for concept injection. DreamBooth [116] fine-tunes the model for subject-driven
generation but can entangle concepts with background attributes. Custom Diffusion [117]
updates only a small subset of cross-attention parameters and supports joint training
and closed-form merging of multiple concepts, improving scalability for multi-concept
collaboration. SVDiff [118] fine-tunes only singular values to define a compact parameter
space and uses data augmentation to mitigate overfitting and language drift, improving
stability for multi-subject collaboration. Perfusion [119] uses key locking and gated rank-
one updates to reduce personalization footprint and exposes explicit strength modulation
under multi-concept composition. From a systems perspective, personalization modules
inject persistent constraints for identity or instances into the backbone, whereas the core
challenge in multi-concept composition is to prevent representational contamination and
attention competition among concepts within shared cross-attention. SVDiff reduces
drift risk by restricting the trainable subspace [118]. Perfusion anchors new concepts
to hyper-classes through key locking and gating while providing an explicit interface
for strength modulation [119]. These designs shift composability from heuristic tuning
toward structured mechanisms. Concept Sliders further parameterizes controllability as
continuous sliders along low-rank directions, enabling interpretable strength calibration
with limited interference with other attributes. This provides a tunable and schedulable
control primitive for collaborative systems and facilitates integration with multi-condition
schedulers [84].

Cross-image consistency extends personalization from one output to a sequence.
StoryDiffusion shares subject information through Consistent Self-Attention and uses a
semantic-space motion predictor for transitions [120]. Unlike DreamBooth-style tuning,
it does not store a subject by updating the backbone. Unlike independent image-prompt
adapters, it couples tokens across generated frames. This design improves long-range
identity and clothing consistency, but memory, error propagation, and temporal planning
become more important as sequence length increases.

The broader progression is therefore hierarchical rather than chronological. Early
single-branch methods established reliable spatial reachability but scaled poorly with the
number of controls. Adapters reduced parameter cost, then decoupled attention channels
reduced competition between image and text conditions. Multi-path methods improved
regional independence at the expense of repeated inference. Dynamic controllers and
auditor loops subsequently addressed conflicts that fixed fusion could not detect. No
family dominates every criterion: branches favor strict geometry, adapters favor reuse,
planners favor compositional semantics, and closed loops favor diagnosability. Their
relative performance follows from the failure mode they are designed to expose and correct.

3.3. Zero-Shot/Few-Shot Adaptation for New Condition Extensions

The core goal of zero-shot or few-shot adaptation is to connect new conditions to
existing generation pipelines in a composable manner without large-scale retraining of
the backbone, thereby reducing the cost of condition extension and improving cross-task
reuse. Among training-free or near-training-free inference-time approaches, SDEdit is
an important baseline that leverages an SDE perspective to enable progressive editing
while preserving the structure of an input image [104]. DiffEdit reduces annotation and
interaction costs through an editing workflow driven by automatic mask inference [105].

https:/ /doi.org/10.3390/math14152737


https://doi.org/10.3390/math14152737

Mathematics 2026, 14, 2737

22 of 38

pix2pix-zero improves edit directionality in a zero-shot setting by identifying directions in
the text embedding space and reduces the need for prompt engineering [75]. MaskSketch
injects sketch structure as sampling-time constraints, improving structural consistency
while reducing reliance on paired data [107]. CycleNet introduces cycle-consistency regu-
larization into diffusion-based image manipulation and uses self-consistency constraints
to mitigate manipulation drift under unpaired data [88]. GDCC further strengthens sta-
bility for controllable manipulation through cycle consistency and contrastive constraints,
improving reliability under inference-time and weakly supervised settings [89].

In this context, training-free does not imply an absence of learning signals. Instead,
it shifts learning from parameter updates to inference trajectories. Typical approaches
include applying differentiable constraints to attention or features and optimizing them
iteratively during sampling, and using external models, such as detection, segmentation,
VQA, or similarity models, to convert condition satisfaction into computable feedback that
is injected into sampling or used for lightweight fine-tuning. As a result, zero-shot methods
are often naturally coupled with evaluators or reward models and fit well into closed-loop
scheduling within collaborative systems [75,105].

Zero-shot adaptation for identity and instance control has also emerged as plug-
and-play condition modules and unified representation injection. InstantBooth learns
image-to-token mappings together with a small set of adapter layers, enabling personal-
ized generation without test-time fine-tuning while preserving text controllability [121].
InstantID injects identity semantics together with weak spatial conditions, such as facial
landmarks, enabling identity-preserving generation from a single reference image and
remaining compatible with multiple styles and downstream tasks [122]. PhotoMaker ag-
gregates multiple identity references into a unified identity representation through stacked
identity embeddings, improving identity fidelity while enhancing text controllability and
inference efficiency. It also introduces identity-oriented data organization pipelines to
support scalable training [123]. IP-Adapter maps image prompts to lightweight adapters,
allowing image conditions to collaborate in parallel with text and structural control [96].
InstantID emphasizes explicit injection of identity semantics together with weak geom-
etry, PhotoMaker emphasizes aggregation of multiple references into a unified identity
representation for robustness, and IP-Adapter provides a more general image-prompt
channel. Collectively, these methods indicate that identity-consistent generation benefits
from moving identity constraints beyond pure text alignment into an independent and
controllable representation pathway to reduce contamination and competition with region
text and structural conditions in shared cross-attention.

Low-rank and parameter-efficient adaptation provides a stable engineering route
for extending new conditions. LoRA is widely used as a general low-rank mechanism
for lightweight customization of diffusion models. LoRA-Composer extends this idea
to training-free multi-concept composition by injecting and isolating multiple pretrained
concept LoRAs, reducing concept suppression and confusion [83]. SVDiff [118] and Per-
fusion [119] define smaller and more controllable update sets through singular-value
subspaces and rank-one edits, respectively, improving multi-concept collaboration and
reducing overfitting. DisenBooth introduces disentangled objectives for identity-related
and identity-irrelevant embeddings to mitigate entanglement in subject-driven generation,
allowing identity preservation and text controllability to be optimized jointly within a
single system [82]. StyleDrop achieves single-image style personalization by fine-tuning
a small subset of parameters and can improve style consistency through iterative feed-
back. The value of parameter-efficient methods in collaborative control systems lies in
hot-swappability and versionability. When control modules must be stacked frequently in
multi-condition settings or replaced frequently in multi-style and multi-brand scenarios,
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small-footprint updates, such as LoRA, rank-one updates, and singular-value subspaces,
are better suited to A/B testing, rollback, and multi-asset management in production [119].

For system-level scaling of collaboration, SDXL provides a stronger backbone that
increases the capacity of multi-condition toolchains and has become a platform for adapters
and personalization methods [45]. DynamicControl studies adaptive condition schedul-
ing under multi-condition inputs from the perspective of condition selection and conflict
management, indicating a transition from static composition to dynamic orchestration. Col-
laFuse proposes a distributed client—server collaborative training framework that reduces
on-device burdens while improving privacy properties, providing an implementation path
for collaborative control systems in edge scenarios [124].

3.4. Computational Complexity and Scalability Considerations

Computational complexity is a critical but often under-discussed factor in collaborative
control. When multiple control signals are introduced into a diffusion model, the total
cost is no longer determined only by the pretrained denoising backbone. It also depends
on auxiliary control branches, adapters, attention manipulation modules, region-wise
denoising paths, dynamic selection policies, and external planning modules. Therefore,
the computational cost of collaborative control can be approximately described as

N .
C’total ~ Cbase + Z Cc(;)d + Cfusion + Cschedr (19)
i=1

where N is the number of active control components and 7 indexes one component. The term
(i)
ctrl
i. The terms Cyygion and Cgpeq denote fusion or arbitration and dynamic scheduling or

Chpase is the cost of the base diffusion model, and C_, is the additional cost of component

external planning, respectively. More specifically, the source of control cost differs across

technical pathways:
C](;:r)anch, branch-based control,
C(i) _ Cig apter’ adapter-based control, 20)
ctrl C;{n, attention-based control,
C(()gt, training-free optimization.

This formulation highlights that scalability should be evaluated jointly with controllability
and visual fidelity, especially when the number of control conditions increases.

As shown in Table 4, the main pathways have distinct cost structures. Branch-based
methods provide strong structural control, but additional branches increase parameters and
latency approximately linearly. Adapters reduce storage and reuse the frozen backbone,
although their control can weaken under difficult combinations. MultiDiffusion avoids
training but repeats denoising over regions or windows. UniCombine instead shares
one FLUX trajectory and adds relatively small conditional modules. The source papers
do not provide sufficiently complete inference-memory and wall-clock measurements
under matched settings for a meaningful table-level comparison. Table 4 therefore retains
source-supported parameter, training, and asymptotic scaling information, while resolution,
sampler, denoising steps, precision, hardware, memory, and latency remain necessary
items for future standardized reporting. For reproducibility, Table 5 complements this cost
comparison by listing official public implementations of the representative control methods.
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Table 4. Complexity and scalability of representative collaborative control pathways.
plexity Y P p Y
Method Parameter Overhead Train? Reported Training Latency Complexity Scaling
Hardware/Time
ControlNet [6] approximately one Yes  1x RTX3090Ti (24 GB), Q(ch bcrla‘tn)Ch) f(;lr Kindependently
trainable encoder copy 5 days for the reported stacked branches
per control depth model
T2I-Adapter [7] 77 M; compressed Yes 4% Tesla V10032 GB, one backbone pass plus O(KCadapter)
variants 18 M/5M within 3 days
. . one trajectory; attention cost grows
GLIGEN [68] ;g:ttaelci g;il:;ﬁ%ng layers;  Yes  NR with grounding tokens
MultiDiffusion [76] 0 task-specific No  Notapplicable g<w.cl?ase) fgr‘]l/\/ overlapp}ing
parameters enoising windows or paths
DynamicControl [70] condition evaluator Yes NR Zvalu'a.t lon o.Vﬁr}If mI:l)uts,;herL
plus multi-control enoising with the selected subset
adapter
one shared trajectory; conditional-
UniCombine [79] 29 M training-free/ Optional 16x V100, 30,000 steps for attention cost grows with
44 M training-based for training-based mode condition tokens

two conditions

Note: Train? indicates whether method-specific parameter training is required, and NR means not reported in the
source paper. Training hardware and duration are descriptive rather than directly comparable because datasets,
resolutions, precision, and optimization settings differ. Cpases Coranch, @d Cadapter denote the costs of one base
denoising pass, one control branch, and one adapter, respectively.

Table 5. Official public implementations for representative controllable and collaborative diffu-
sion methods.

Method Reproducibility Role Official Repository

ControlNet [6] branch-based structural- https://github.com/lllyasviel /ControlNet (accessed on 21 July 2026)
control baseline

T2I-Adapter [7] lightweight composable-  https://github.com/TencentARC/T2I-Adapter (accessed on 21 July 2026)
adapter baseline

GLIGEN [68] grounded box and region  https://github.com/gligen/GLIGEN (accessed on 21 July 2026)
control

MultiDiffusion [76] ~ multi-region and panorama https://github.com/omerbt/MultiDiffusion (accessed on 21 July 2026)
inference

. . N oo ad D! D

ControlNet++ [7] consistency-feedback htltpsA//gl thub.com/liming-ai/ControlNet_Plus_Plus (accessed on 21
control July 2026)

SLD [93] LLM-audited closed-loop  https://github.com/tsunghan-wu/SLD (accessed on 21 July 2026)
correction

RPG [94] multimodal-LLM regional https:/ /github.com/YangLing0818 /RPG-DiffusionMaster (accessed on

. 21 July 2026)

planning

StoryDiffusion [120] cross-image subject consis- 1218‘[2%3 //github.com/HVision-NKU/StoryDiffusion (accessed on 21 July
tency

OmniGen [51] unified generation and l;(t)tz%s)/ /github.com/VectorSpaceLab/OmniGen (accessed on 21 July
editing

OminiControl [52] parameter-efficient DiT ;(t)tng://glthubfom/Yuanshl‘)Sl3/OmmlContro] (accessed on 21 July
condition injection

FLUX.1[50] rectified-flow Transformer https://github.com/black-forest-labs/flux (accessed on 21 July 2026)
backbone

Note: Repository ownership and accessibility were verified on 13 July 2026. The table identifies runnable starting
points; exact environments, model licenses, and checkpoints must still be checked before reuse.

4. Application Scenarios of Collaborative Control Methods

From a task taxonomy perspective, controllable diffusion covers not only spatial
structure control, including layout, pose, depth, and segmentation, and personalized
generation, such as subject or style customization, but also extends to view-consistent
generation with 3D awareness, context- or example-driven generation in the form of in-
context editing, and practical directions such as text rendering and layout for real media
production. Different tasks impose different requirements on structural consistency, cross-
condition conflict management, and verifiable constraints. As a result, application-facing
collaborative control is typically realized through systematic matching between control
interfaces and task constraints, together with engineering trade-offs that prioritize the most
critical failure modes.
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4.1. Daily Creation and Commercial Content Production

In everyday image editing and commercial content pipelines, the value of collaborative
control is primarily reflected in predictable local editability, cross-condition consistency;,
and high-throughput inference deployment. Inference-time editing paradigms, including
SDEdit [104], DiffEdit [105], Prompt-to-Prompt [102], and InstructPix2Pix [103], are widely
used for rapid modification, instruction-based retouching, and low-barrier interactive
editing. Multi-region and layout control methods, exemplified by MultiDiffusion, are better
suited to high-frequency production needs, such as multi-canvas e-commerce posters, par-
titioned content generation, and panoramic outpainting [76]. Interactive geometric editing
methods, such as DragDiffusion, support drag-based structural adjustment and localized
replacement, reducing the interaction burden for non-expert users [108]. In commercial
pipelines, control methods are typically adopted as reusable workflow components rather
than as one-off visual effects. For example, MultiDiffusion [76] supports reusable layout
templates, Prompt-to-Prompt and Null-text inversion align well with lightweight editing
instructions, such as batch recoloring or motif replacement, and DragDiffusion [108] is
better suited to interactive refinement of key assets. Consequently, practical deployment of
collaborative control usually follows a closed loop of automated generation and manual
correction rather than fully replacing conventional design workflows.

From the perspective of coordinating structural conditions with generation quality,
structured condition interfaces, such as ControlNet [6] and T2I-Adapter [7], simplify integra-
tion of edges, pose, depth, and segmentation into online toolchains, enabling predictable
structural constraints together with stylized synthesis. In multi-subject and complex-
prompt settings, attention manipulation and guidance-based methods, such as Attend-
and-Excite [99] and SEGA [125], improve token-level alignment and provide more stable
and tunable control for batch creation. Object-level transfer and composition methods, in-
cluding AnyDoor [126] and Paint by Example [127], further support commercial scenarios,
such as product replacement, prop composition, and brand style alignment, by providing
reusable object-centric capabilities [64].

4.2. Precision Modeling and Optimization in Professional Domains

Professional domains emphasize structural correctness, cross-condition consistency,
and satisfaction of task-specific constraints. In these settings, collaborative control is
typically realized through combinations of structured conditions, domain priors, and gen-
erative backbones that enable verifiable and precise synthesis. For high-stakes scenarios
with stringent reliability requirements, the central value of collaborative control is not only
photorealism. Instead, domain constraints are injected into the diffusion process through
structured conditions, external priors, or verifiable objective functions, ensuring that gen-
erated outputs satisfy interpretable, reproducible, and auditable criteria. These domains
therefore rely more on verifiable constraints than on increasingly powerful backbones alone.
Control signals often form a closed loop with downstream evaluators, such as detection,
segmentation, or planning constraint checkers, and failure modes must remain diagnosable,
whether they originate from condition conflicts, sampling drift, or domain shift. This helps
explain why mechanisms such as cycle consistency, reward feedback, and task duality
between generation and detection are particularly prevalent in professional applications.

In strongly constrained systems, including autonomous driving and unmanned aerial
vehicles, diffusion models are increasingly used as generative planners or predictors that
operate in coordination with rules, perception, and control modules. The progression is
from sampling candidate trajectories to verifying and refining them against explicit objec-
tives. Diffusion-ES combines diffusion-generated trajectory distributions with sampling-
based search for test-time reward optimization, whereas CGD separates feasible path
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generation from proxy-based time parameterization to enforce dynamics and collision
constraints [128,129]. These designs show how generative diversity becomes useful only
when paired with an external feasibility or reward mechanism.

In medical imaging and clinical assistance, the control interface becomes progressively
more explicit. Med-DDPM uses semantic conditions to guide 3D MRI generation and
support segmentation-oriented augmentation, while segmentation-guided diffusion uses
anatomical masks to make the required structure directly verifiable [130,131]. This pro-
gression from semantic conditioning to explicit anatomical support reflects the stronger
auditability required in clinical settings.

In remote sensing and geospatial intelligence, diffusion models are often used for
cross-sensor conditional translation to support cloud removal, cross-modal completion,
and disaster assessment. SAR-conditioned optical generation first established a mechanism
for preserving cross-sensor structure while recovering optical texture; subsequent sampling
acceleration and inference optimization then shifted attention from reconstruction quality
toward operational throughput [132,133]. The methodological sequence therefore moves
from cross-modal fidelity to deployable cross-sensor generation.

Digital humans, virtual avatars, and identity-consistent generation emphasize the
joint satisfaction of identity preservation and editability. InstantID introduces a plug-and-
play IdentityNet that injects identity semantics together with weak spatial conditions into
pretrained diffusion models, enabling identity-preserving generation from a single facial
reference [122]. PhotoMaker encodes multiple identity references into a unified identity
representation via stacked identity embeddings, achieving high identity fidelity while
improving text controllability and inference efficiency [123]. ConsistentID further targets
fine-grained facial attribute prompts by strengthening disentanglement between identity
consistency and editable attributes [134].

In architecture, interior design, and urban digital twin scenarios, collaborative control
is primarily defined by translation of geometric and functional constraints into learnable
or inferable structural conditions. LayoutDiffusion strengthens joint control over global
layout and object-level detail, improving interpretability in complex multi-object scene
generation [85].

In robotic manipulation and simulation environment construction, collaborative con-
trol with diffusion models often appears as integration of perceptual conditions, action
distribution generation, and temporal closed-loop control. Diffusion Policy represents
robot policies as conditional denoising diffusion processes, learning the score of action
distributions and performing inference via Langevin dynamics to generate multimodal
high-dimensional actions [135].

In fashion and virtual try-on, the methodological progression moves from coarse
multimodal specification toward appearance fidelity, efficient synthesis, and editable pro-
duction workflows. Multimodal Garment Designer establishes joint conditioning with text,
pose, and garment sketches, defining the garment and body structure before synthesis [136].
IDM-VTON and GarDiff then strengthen preservation of garment-specific appearance by
separating high-level semantics from low-level texture or by introducing garment-focused
adapters and appearance objectives [137,138]. CAT-DM addresses a different bottleneck
by combining ControlNet-style conditioning with GAN-based initialization to reduce the
required sampling process [139]. Building on these foundations, SGDIiff, structure-aware
reference transfer, TexFit, and DiCTI extend control toward style guidance, reference-based
design, text-driven editing, and inpainting-based variation [140-143]. Together, these meth-
ods form a layered pipeline in which pose and silhouette establish geometry, reference
or adapter features preserve garment identity and texture, and editing interfaces support
iterative design rather than one-shot generation.
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4.3. Data Support and Evaluation for Model Innovation

A key role of collaborative control in research and engineering validation is to support
controllable synthetic data pipelines, evaluation systems for controllability and consistency,
and reproducible paradigms for innovation validation and ablation. In both research and
engineering settings, collaborative control methods are often used as synthetic data engines
and complex scenario constructors to compensate for scarce annotations, cover long-tail
cases, and evaluate cross-condition generalization systematically. Wu et al. proposed
DiffuMask, which leverages cross-attention signals in pretrained text-image diffusion
models to generate pixel-level semantic masks alongside synthetic images, enabling low-
cost construction of segmentation training data [144]. Chen et al. proposed DiffusionDet,
which formulates object detection as a denoising diffusion process from noisy boxes to
ground-truth boxes [145]. Saragih et al. constructed diffusion-generated annotated synthetic
data pipelines for medical segmentation tasks [146]. Alemohammad et al. proposed SIMS,
which uses self-generated data for self-improving training and provides a practical pathway
for continual optimization of diffusion models using synthetic data [147]. Methodologically,
the value of synthetic data is not limited to visual realism. Controllability and traceability
are equally important. When control signals, such as boxes, segmentation, relations,
and attributes, are recordable and replayable, performance changes in downstream tasks
can be attributed to specific control modules or conflict-management strategies, enabling
more credible ablation and comparison.

At the evaluation level, HEIM proposes a comprehensive benchmarking framework
that covers alignment, quality, aesthetics, originality, reasoning, knowledge, bias, toxicity,
fairness, robustness, multilinguality, and efficiency, providing a unified coordinate system
for analyzing benefit-risk trade-offs of collaborative control methods [148]. TIFA converts
text consistency evaluation into interpretable visual question answering by automatically
generating question—answer pairs and using VQA models to judge correctness, enabling
diagnostic assessment of challenges such as counting, relations, and attribute binding [149].
T2I-CompBench focuses on compositionality through attribute binding, object relations,
and complex combinations and proposes evaluation metrics and optimization strategies
tailored to compositional generation [150]. GenAl-Bench constructs compositional and
reasoning-oriented benchmarks that are closer to practical prompting needs and empha-
sizes unified measurement of higher-order reasoning and compositional abilities [151].
Beyond traditional alignment and quality metrics, recent evaluation trends increasingly
emphasize object-level diagnosability and mitigation of benchmark drift. GenEval intro-
duces an object-centric evaluation pipeline based on detection and attribute verification
and explicitly measures common failure modes in controllable generation, including object
co-occurrence, position, counting, and color [152]. DSG, inspired by formal semantics, orga-
nizes question—answer evaluation as dependency graphs to reduce hallucinated questions
and inconsistent answers, improving reliability and coverage for fine-grained assessment
of complex relations and attribute binding [153]. As foundation model capabilities improve
rapidly, static benchmarks face the risk of evaluation drift, where both models and test
sets become outdated. GenEval 2 addresses benchmark drift by introducing stronger com-
positionality and finer-grained primitive coverage, making evaluation more sustainable
over time [154]. In collaborative control research, evaluation frameworks often deter-
mine whether research questions can be advanced meaningfully. Only when evaluation
decomposes failures into localized dimensions, such as missing objects, counting errors,
relation mismatches, or attribute binding drift, can improvements in control modules and
scheduling strategies avoid collapsing into subjective judgments of visual quality. Inter-
pretable evaluations, such as TIFA, therefore provide an optimizable error decomposition
for collaborative control [99].
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Table 6 summarizes task-oriented metrics for evaluating precise collaborative control.
General image fidelity metrics, such as FID and aesthetic score, are useful for measur-
ing distribution-level quality but cannot determine whether a generated image satisfies
structural, spatial, semantic, or identity constraints. Text-image metrics such as CLIP
score and TIFA are effective for semantic alignment, but they provide limited diagnosis
of layout drift, object omission, attribute-binding errors, or condition conflicts. Therefore,
structure-guided generation should be evaluated with edge, pose, depth, or segmenta-
tion metrics; grounding-based generation should be evaluated with object detection or
box-alignment metrics; and subject-driven generation should be evaluated with identity
similarity metrics such as CLIP-I or DINO. For collaborative control systems, efficiency
indicators, including additional parameters, GPU memory, inference latency, and the num-
ber of denoising runs, are also necessary because multi-condition control often introduces
nontrivial system-level overhead.

Table 6. Task-oriented metrics and benchmarks for precise collaborative control.

Evaluation Target Representative Metrics Benchmark/Paper Use in Collaborative Control
broad system-level assess-
Holistic T2I capability alignment, quality, aes- HEIM [148] ment across 12 aspects and
thetics, reasoning, fairness, 62 scenarios

robustness, efficiency
diagnoses semantic adher-

Text-image faithfulness ~ VQA-based TIFA score; counting, TIFA [149] ence beyond CLIP-style
relation, and attribute checks global similarity
measures common failures
Object compositionality — co-occurrence, position, count, ~ GenEval [152]; in multi-object and layout-
color accuracy GenEval 2 [154] sensitive prompts
Fine-grained semantics ~ dependency-structured DSG [153] improves relation-centric diag-

. . nosis for complex scenes
question answering

evaluates whether edge, pose,

Structural control Canny F1, HED SSIM, OpenPose DynamicControl [70] depth, or segmentation condi-
mAP, depth RMSE, mIoU tions are preserved
Grounding and layout ~ YOLO AP/AP50/AP75,GLIP  GLIGEN [68] ?‘ecfhs Obl‘?f}tl'.mgm ahﬁl.‘tment
score, FID ogether with image quality
evaluates identity preservation
Subject consistency CLIP-I, DINO; plus UniCombine [79] under subject-spatial composi-
FID/SSIM/CLIP-T tion
captures deployment
Efficiency GPU memory, extra parameters, UniCombine/T2I-Adapter/  overhead introduced by
inference cost ControlNet [6,7,79] additional controls

Metric selection should follow the declared control contract rather than benchmark
popularity. First, researchers should identify the primary constraint and its failure unit.
Binary contour preservation calls for Canny F1 with a stated spatial tolerance, while
soft edge similarity is better reflected by HED SSIM. Metric depth requires RMSE after
specifying units and alignment, whereas relative geometry requires scale-invariant depth
error. Pose control should use keypoint mAP, segmentation should use mloU, and box
grounding should use IoU or detection AP.

Second, pair the direct control metric with a non-collapse metric. FID or an aesthetic
score can reveal degraded visual quality, while TIFA, DSG, or GenEval can reveal omit-
ted objects, incorrect counts, and attribute-binding failures. Identity-conditioned tasks
should add CLIP-I or DINO similarity, but these scores should not substitute for pose or
layout accuracy.

Third, multi-condition studies should report a metric vector rather than an unex-
plained weighted average. The vector should include every condition-specific score,
the worst-satisfied condition, and performance under deliberately conflicting inputs. Pareto
curves over control strength and perceptual quality are more informative than one oper-
ating point. This protocol reveals whether an apparent gain comes from suppressing a
difficult condition.

Finally, deployment studies should report parameters, peak GPU memory, wall-clock
latency, resolution, precision, sampler, denoising steps, batch size, and hardware. A task-
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specific metric is meaningful only when its evaluator is reliable in that domain. Medical,
remote-sensing, and industrial applications should therefore validate automatic scores
against expert or downstream-task assessments.

Table 7 summarizes representative benchmarks and evaluation dimensions relevant
to controllable diffusion models.

Table 7. Representative benchmarks and evaluation dimensions for precise and controllable diffu-
sion models.

Benchmark Target Granularity Scope Signals Limitation Control
Analysis Use
HEIM [148] holisticeval- system/multi- primarily alignment, image not specifically  useful for global
uation of dimensional level T2I quality, aesthetics, designed for system-level as-
text-to-image originality, reason- structured con-  sessment, but less
systems ing, knowledge,  trol or condition diagnostic for
bias, toxicity, fair- arbitration fine-grained con-
ness, robustness, trol errors
multilinguality,
efficiency
TIFA[149]  text-image object/attribute/relation primarily question answer- dependsonthe useful for checking
faithfulness  level T21 ing derived from reliability of the whether generated
prompts and underlying VQA outputs satisfy
answered from  pipeline explicit seman-
generated images tic conditions
T2I- composition- composition level primarily attribute binding, less compre- useful for ana-
CompBench focused T2I T2I object relation- hensive outside  lyzing semantic
[150] evaluation ships, and complex composition conflicts and com-
compositions scenarios positional failures

under collabora-
tive control

GenAlI- composition image/video/reasoning text-to- human prefer- less focused on  useful for ana-
Bench [151] and reasoning level visual ence, composition explicit structural lyzing whether
evaluation generation prompts, and auto- control interfaces stronger plan-
matic signals ning or reasoning
modules benefit
controllable gener-
ation
GenEval object-focused object/relation level primarily  object co- limited primitive useful for mea-
[152] evaluation T21 occurrence, po-  coverage relative suring common
of generated sition, count, tobroader real-  precise-generation
images and color world control failures such as
requirements counting and
layout errors
DSG[153]  reliability of relation/semantic-graph primarily dependency- evaluationstill  useful for relation-
fine-grained level T2I structured ques-  depends on centric diagnosis
text-image tion generation  external models in complex multi-
evaluation and answering entity scenes

4.4. Application Potential and Future Directions

Future collaborative control will be shaped by real-time deployment, distributed and
privacy-preserving execution, and governance. Consistency Models and Latent Consis-
tency Models replace long sampling chains with one-step or few-step mappings while
retaining editing ability [155,156]. Adversarial Diffusion Distillation further distills large
teachers into one-to-four-step generators, improving fidelity in low-step regimes [157].
Few-step generation is not merely acceleration: it changes which control interfaces remain
feasible. When denoising has only a few iterations, sampling-time optimization and it-
erative attention refinement have limited room, so stronger early injection, intermediate
alignment, or distillation constraints become necessary.

Efficiency work on SDXL, MobileDiffusion, and TinyFusion shows that stronger
backbones, mobile-aware design, and Transformer-layer pruning can support interactive
and edge scenarios [45,158,159]. In privacy-sensitive settings, CollaFuse reduces client-side
computation and data exposure through split-learning-style collaborative training and
inference [124]. For authenticity and governance, Stable Signature, Tree-Ring Watermarking,
and SynthID demonstrate provenance mechanisms that should be treated as first-class
components in pipelines involving control branches, adapters, distilled models, and cloud-
edge partitioning [160-162].
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5. Conclusions

Diffusion models provide a flexible framework for controllable image generation be-
cause external constraints can act at several stages of denoising. This survey distinguished
controllable diffusion from collaborative control and organized the latter by representation,
injection, arbitration, scheduling, feedback, and evaluation. The central transition is from
isolated condition response to coordinated satisfaction of several measurable constraints.
Backbones, controllers, planners, and evaluators must therefore be analysed as one system
rather than as independent modules.

The first open challenge is reliable conflict management. Current systems usually
assume that conditions are correct and mutually compatible, yet real inputs may disagree in
geometry, semantics, identity, or spatial scope. Future controllers should estimate condition
uncertainty, detect infeasible combinations, and expose priorities before sampling. Timestep
schedules also require stronger theoretical and empirical grounding. A policy should
explain why a constraint acts at a particular noise level and how that choice changes the
attainable trade-off among constraints.

The second challenge is maintaining control under few-step generation. Long sam-
pling trajectories permit repeated attention refinement, latent optimization, and evaluator
feedback. Distilled one-step or four-step models provide much less correction time. Future
work should therefore move critical structure earlier, distil controller behaviour together
with the generator, and develop inversion methods that preserve both reconstruction
and editability. Efficient collaboration also requires shared condition interfaces whose
parameter, memory, and latency costs grow sublinearly with the number of controls.

The third challenge is evaluation and reproducibility. No universal scalar score can
represent structural fidelity, semantic correctness, identity, visual quality, and efficiency
simultaneously. Benchmarks should report task-specific metric vectors, worst-condition
performance, deliberate conflict tests, and Pareto trade-offs. Evaluator failures must also be
audited because an LLM, detector, or segmenter can convert its own bias into an incorrect
control update. Public code, exact hardware, sampler settings, peak memory, and latency
should become standard components of comparative reporting.

The most promising direction is a typed and auditable control protocol that connects
conditions, spatial support, confidence, priority, activation time, and verification. Such a
protocol could allow U-Net, DiT, FLUX, or future backbones to share controllers without
hiding conflicts inside architecture-specific features. Closed-loop systems should also
support abstention when constraints are infeasible and preserve a trace of planner deci-
sions and evaluator feedback. Progress toward precise generation will depend less on
adding another isolated condition and more on making coordination measurable, efficient,
and trustworthy.
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Abbreviations

AP Average Precision

CFG Classifier-Free Guidance

CLIP Contrastive Language-Image Pre-Training

DDIM Denoising Diffusion Implicit Model
DDPM Denoising Diffusion Probabilistic Model
DINO Self-Distillation with No Labels

DiT Diffusion Transformer
DSG Davidsonian Scene Graph
FID Fréchet Inception Distance

GPU Graphics Processing Unit

HED Holistically Nested Edge Detection
121 Image-to-Image

LDM Latent Diffusion Model

LLM Large Language Model

LoRA Low-Rank Adaptation

mAP Mean Average Precision

mloU Mean Intersection over Union
MMDIT Multimodal Diffusion Transformer
MSE Mean Squared Error

NR Not Reported

ODE Ordinary Differential Equation
RMSE Root Mean Squared Error

RPG Recaption, Plan, and Generate

SAR Synthetic Aperture Radar

SDE Stochastic Differential Equation

SDXL Stable Diffusion XL

SLD Self-Correcting LLM-Controlled Diffusion Models
SSIM Structural Similarity Index Measure

T2I Text-to-Image

TIFA Text-to-Image Faithfulness

VAE Variational Autoencoder

VQA Visual Question Answering
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