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Figure 1. Demonstrations of DynFusion’s versatile capabilities. (a) Controllable image generation under a single visual condition (e.g.,
subject-driven generation and spatially-aligned tasks). (b) Multi-conditional controllable generation. Compared with single-conditional
generation, it improves the image quality, controllability and flexibility. Meanwhile, proposed dynamic condition fusion performs better
than uniform strategy by eliminating condition redundancies. (c) Visualization results under more conditions. (d) Quantitative results of
our DynFusion. We simultaneously improved both the generation effect and efficiency.

Abstract

Text-to-image diffusion models have achieved remark-
able progress, generating visually realistic and semanti-
cally coherent images from textual prompts. However, natu-
ral language alone lacks the precision required for design-
centric applications that demand strict spatial and struc-
tural fidelity—particularly when representing complex con-
cepts that integrate multi-level information, such as prod-
uct or scene design. To address this limitation, controllable
diffusion frameworks introduce auxiliary conditions (e.g.,

t Equal contribution.
* Corresponding author: <hongkai.wen@warwick.ac.uk>.

depth, edge, or reference images) to guide the generative
process. Models like ControlNet[50] and IP-Adapter[48]
effectively inject such priors, improving structural or ap-
pearance alignment. Yet, real-world design tasks rarely de-
pend on a single type of condition. They often require si-
multaneous integration of multiple heterogeneous cues—for
instance, preserving spatial layout from depth maps, struc-
tural outlines from edge maps, and stylistic attributes from
reference images. Current approaches either handle only
one condition or naively stack multiple ones, resulting in
computational inefficiency and conflicting guidance that de-
grade generation quality.

This multi-condition inconsistency forms a critical bot-

29103



tleneck for applying diffusion models to real-world design
workflows, motivating our proposed framework. We pro-
pose a data-driven adaptive condition fusion mechanism for
multi-conditional diffusion. Our method introduces a novel
condition adaptation module that dynamically selects and
fuses subsets of conditions based on the diffusion timestep,
task characteristics, and feature injection position. This
adaptive strategy harmonizes diverse structural and ap-
pearance priors, achieving controllable yet flexible genera-
tion in complex design scenarios. Experiments demonstrate
significant improvements in fidelity, consistency, and con-
trollability across multi-condition tasks, establishing a new
direction for practical, detail-preserving diffusion-based
design generation.

1. Introduction

Text-to-image diffusion models have achieved remarkable
success in generating photorealistic and semantically co-
herent images from textual prompts, yet they remain in-
sufficient for precise, instance-level design generation. As
our examples illustrate, prompts such as “a girl sleeping
in a cozy bedroom” or “a child in a white uniform” de-
scribe intent but fail to ensure consistent geometry, identity,
or material appearance across conditions—often producing
inconsistent poses, confused context, or mismatched refer-
ences. This limitation arises because natural language alone
cannot capture the fine-grained structural and conceptual
constraints required in design workflows, where subjects,
layouts, and materials must align faithfully with specific
references. Consequently, current diffusion models strug-
gle to generalize from abstract text to concrete, reference-
grounded design tasks.

To address this limitation, a range of controllable gener-
ative frameworks, such as ControlNet [50], InstantID [44],
and OmniControl [39], have been developed to integrate
diverse reference conditions for guiding diffusion genera-
tion. These conditions span from low-level structural cues
(e.g., depth or edge maps) to high-level semantics (e.g., seg-
mentation or identity references), exerting at different diffu-
sion phases. However, most methods rely on manually pre-
defined architectures or fixed timestep to inject conditions
into multi-modal blocks (MMBs), without learning when,
where, or how each condition should act. As a result, con-
trol information is often injected ineffectively and fails to
manifest in the generated results, leading to generation con-
fusion — results deviate from or inconsistently follow the
given conditions, and in some cases, catastrophic failures
to respect certain conditions or generate broken content.
For subject-driven tasks, existing works always mismatch
on notable details compared to references. FlexControl [8]
takes a notable step forward by introducing adaptive con-
dition injection across diffusion steps and network blocks,
revealing that effective control depends on both condition
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Figure 2. Comparison of different schemes dealing with mul-
tiple conditions. (a) Aggregating various visual conditions into
a highly consistent control signal in the temporal domain. (b)
Noise representation acquires spatial modal knowledge in the la-
tent space through multi-modal attention. (¢) We employ dynamic
condition fusion to precisely match the current demands.

type and contextual relevance within the diffusion process.

Building on the limitations of single-condition diffusion,
we observe that real-world design tasks often require multi-
ple complementary conditions to be applied simultaneously.
Users may need to preserve space geometry from depth
cues, structural outlines from edge maps, and specific object
appearances from reference images. Recent extensions such
as Cocktail [12], UniControlNet [54], OmniControl2 [40]
and UniCombine [42] attempt to support this by stacking
additional condition branches or tokens for condition infor-
mation from various levels. Yet this naive expansion both
increases computational cost and fails to account for the het-
erogeneous nature of multi-level information, treating ge-
ometric, semantic, and conceptual cues with a uniform fu-
sion strategy that is far from optimal. As a result, the model
often suffers from condition interference and control incon-
sistency, where signals from different levels compete rather
than cooperate, leading to structural distortion or semantic
drift. Moreover, the redundant conditions further limit scal-
ability and efficiency [7], making such frameworks imprac-
tical for real-world multi-conditional applications.

We propose a data-driven adaptive condition fusion
mechanism that dynamically determines what, when, and
where to control within the diffusion process. As illus-
trated in Fig. 2, our framework replaces static condition
stacking with a multi-condition adaptation module that se-
lectively activates relevant control signals across timesteps
and network stages. Unlike prior sum-, concatenation-, or
attention-based methods that treat all inputs uniformly, our
model learns to assign each condition a context-dependent
role—allowing geometric cues, semantic layouts, and ap-
pearance references to be injected through distinct, opti-
mally aligned pathways. This not only reduces redundant
computation but also enhances controllability and visual
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consistency under complex, multi-condition scenarios. Our
main contributions are summarized as follows:

¢ Novel adaptive multi-condition diffusion framework.
We propose a data-driven condition fusion mechanism
that dynamically determines what, when, and where to
inject multiple control signals, enabling efficient and co-
herent guidance across heterogeneous information levels.

¢ Comprehensive experimental validation. Extensive ex-
periments across diverse design and editing tasks demon-
strate that our approach achieves superior controllability,
efficiency, and visual consistency compared with existing
single- and multi-condition diffusion baselines.

¢ Analysis of condition activation dynamics. We system-
atically investigate how different levels of information -
ranging from geometric to semantic and conceptual cues
- are dynamically activated and contribute to generation
along the diffusion axes of timesteps and network blocks,
offering deeper insight into the behavior of adaptive con-
trol mechanism.

2. Related Work

Diffusion-based Generative Models. Diffusion models,
first proposed by [36], have surpassed Generative Adversar-
ial Network (GAN)-based approaches [13, 43, 46] by offer-
ing a more stable and scalable training paradigm [14, 49, 51,
52]. Instead of relying on adversarial optimization—often
prone to mode collapse and instability—diffusion models
use a likelihood-based denoising process that ensures steady
convergence and strong sample diversity. The introduc-
tion of Latent Diffusion Models (LDMs) [32] made this ap-
proach computationally efficient by operating in a compact
latent space without sacrificing fidelity. Building on this
foundation, Transformer-based architectures such as DiT
[4, 26, 28, 38, 55], Stable Diffusion 3.0/3.5 [6], and FLUX
[16] further extend diffusion’s capacity to model long-range
dependencies and scale to massive multimodal datasets,
achieving breakthroughs in compositional reasoning, spa-
tial consistency, and visual realism. Meanwhile, Rectified
Flow optimization [20-22] enables faster sampling with
fewer denoising steps, improving efficiency without degrad-
ing quality. These advances have made diffusion models the
foundation of modern creative generation systems.

Controllable Generation. Textual prompts, though ex-
pressive, are often too vague to define precise spatial lay-
outs, geometric structures, or stylistic attributes. This lim-
itation drives the development of controllable generation
frameworks, which incorporate auxiliary inputs from multi-
ple modalities and abstraction levels—from low-level cues
like edges or depth maps to high-level semantic or identity
references such as style exemplars or subject images. Rep-
resentative models such as ControlNet [50], T2I-Adapter
[24], and ControlNeXt [27] embed these conditional sig-
nals into the generative backbone, enabling spatial align-

ment and structure preservation. Other approaches like IP-
Adapter [48], InstantID [44], and StyleDrop [37] focus on
high-level semantic or subject-specific control, integrating
reference concepts or styles into the diffusion process to en-
sure visual and identity consistency. Most existing methods
[5, 18, 41] assume a single conditioning source and a uni-
fied injection strategy, overlooking the heterogeneity across
modalities and abstraction levels. Conditions like edges,
depth, layout, or concept carry distinct information and of-
ten require tailored architectures or fusion schemes. Recent
Transformer-based approaches such as OminiControl [39]
and its variants [1, 2, 23, 35] address this by concatenating
condition tokens with noise embeddings and applying task-
specific LoRA [11], making controllable generation train-
ing more consistent with pre-trained text-to-image objec-
tives and thereby improving overall performance.
Multi-Conditional Challenges. To enable precise con-
trol, recent studies [17, 47] have extended controllable dif-
fusion models to handle multiple visual conditions. Works
such as UniControl [29], UniControlNet [54], and Ctrl-
X [19] demonstrate partial success in combining spatially
aligned and subject-driven controls. However, most of these
methods treat all condition types using a uniform injection
mechanism, ignoring the heterogeneity and varying impor-
tance of each modality. This one-size-fits-all strategy is far
from optimal—low-level cues like edges or depth provide
structural guidance, while high-level semantic or stylistic
cues require distinct pathways and adaptive weighting.
Extensions such as OminiControl [39] attempt multi-
condition fusion by simultaneously activating multiple task-
specific LORA modules within DiT, yet this approach in-
creases computational cost disproportionately to perfor-
mance gains. Later efforts [40, 53] introduce KV-cache op-
timizations to mitigate inference latency, but they still over-
look conflicts and redundancies among condition signals.

3. Methodology
3.1. Architecture

We exemplify our method on mainstream DiT to ground
the discussion. As shown in Fig. 3(a), we reuse the VAE
to project condition images into the same latent space as
noise tokens, and DiT blocks jointly process both. To mini-
mize the extra computation overhead, we freeze the back-
bone and train condition-loRAs to adapt DiT blocks for
conditional signal extraction, and then inject them into the
noise latent space through multi-modal attention (MMA)
[40, 42, 53], thus avoiding costly full-parameter tuning.
Our DynFusion introduces a gating mechanism to se-
lect optimal condition combinations (Sec. 3.2), enhancing
both efficacy and efficiency. We further introduce decou-
pled multi-modal attention to restrict information flow and
preserve conditional signal purity (Sec. 3.3). Fusion-LoRA
is proposed to rectify noise distribution under various con-
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Figure 3. Overview of our proposed DynFusion framework. (a) During forward process, the CAM generates instructions based on th
noise embeddings to activate the optimal condition combination. (b) During training, we incorporate the attention mask with gumbel noise
into the softmax calculation of multi-modal attention to filter out the invalid conditions, thus enabling end-to-end training.

dition collections (Sec. 3.4), and a computation-aware loss
balances performance with efficiency (Sec. 3.5).

3.2. Adaptive Condition Fusion

Our adaptive condition fusion is realized via the plug-and-
play Condition Adaptation Module (CAM). In detail, we
equip each multi-modal diffusion transformer (MMDiT)
block with CAM for visual condition filtering. As shown
in Fig. 3(a), CAM takes noise tokens (gray squares) as in-
put (X € R**?) and predicts the mask M € {0,1}" over
the condition tokens (yellow, pink and blue squares).

Specifically, given CAM input tokens are represented as
a matrix with dimension of (x x d), we first apply a decou-
pled aggregation — using average pooling as the aggrega-
tion operator — independently along the token dimension
and the embedding dimension. This enables us to extract
informative statistics both within each token and across the
entire token space. To fuse these two types of features, we
employ two separate MLPs to project them into the same
latent dimension dc,m, which is set to d/64 by default. The
resulting representations are formulated as:

Zgiobal = MLP g1 (Ag8geq (X); Ogib), (€]
Ziocal = MLP1oc(Ag8emb (X); Oloc)- (@)

The feature aggregated across tokens captures global de-
pendencies and models semantic relationships across re-
gions, whereas the feature aggregated within each token
summarizes its overall representation. Both provide com-
plementary cues for token selection [8, 31]. Therefore, we
fuse them to obtain a unified global-local feature and feed
it into another MLP for mask prediction:

Zélb*loc = Zélobal + Zfocah 1<i< d/7 (3)
M = ACt(MLPmask(Zglbflmﬁ eglbfloc))v (4)

where M € R™, and Act(-) denotes the activation function.
We consider two choices for Act(-): (i) Unconstrained
selection. When there is no limit on how many conditions

can be activated, we use a Sigmoid activation and apply a
threshold 7 (0.5 by default) to generate the binary mask:

- 1,
NI = {07

(i1) Single-condition selection. When selecting only the
most essential condition, we use a Softmax activation and
apply an argmax operation:

NI; — {1’
07

We compared this two selection mechanism in Tab. 2. Each
element in the resulting mask M corresponds to a spe-
cific visual condition and acts as a gating signal to screen
and filter the conditional controls [8, 31]. As presented in
Fig. 3(a), “0” and “1” represent the inactivation and activa-
tion of the corresponding control signal from CAM. Inac-
tive condition signals will skip the current MMDiT block
and enter the next CAM for the decision-making process
(dotted lines). Due to the reduced number of condition
tokens, the computational complexity of MMDIT is also
decreased accordingly. Furthermore, we explore a strategy
that involves selecting the most pertinent visual condition.
In this way, the computational complexity of MMDIiT be-
comes comparable to single-conditional generation.

The decision-making capability of CAM is learned from
a small-scale dataset and evolves dynamically throughout
the denoising process. As visualized in Fig. 4, the CAM
exhibits distinct activation dynamics across timesteps, con-
ditions, and network blocks, revealing how different control
signals contribute throughout the denoising process. The to-
tal activation plot left-corner in Fig. 4 shows that depth and

if M; > 7;

. 1<i<n. (5)
otherwise;

ifi = érgmax(Mi); C1<i<n ©)
otherwise;

MMDIT is mainly composed of MMA and MLP operations. The time
complexity of MMA can be formulated as: O(n(d?T +T2d)), where n is
the set sampling steps, 7" is the total token account, and d is the embedding
dimension. The complexity of MLP is linearly correlated with 7"
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Figure 4. Visualization of denoising step at steps 5, 10, 15, 20 and 25, where each pair includes the generated result and condition
activation distribution. Subject, background, depth, canny are used to guide image generation.

canny cues maintain consistently higher activation frequen-
cies, implying that structural alignment and edge refine-
ment demand stronger and more persistent control. Their
distributions further reveal a complementary temporal be-
havior—depth activations (green dash) dominate the early
denoising steps (step 0—10), where the model reconstructs
global spatial layout and object placement, while canny ac-
tivations (red line) surge in the later stages (step 15-25),
coinciding with contour sharpening and detail recovery in
the generated images. In contrast, subject and background
activations (blue and yellow dash) peak in the middle
stages (step 10-20), corresponding to semantic composition
where the model integrates foreground entities and contex-
tual backgrounds into a coherent scene.

This evolving activation pattern aligns with the diffusion
generation principle: the model first establishes coarse ge-
ometry, then integrates semantic information, and finally re-
fines perceptual details. Such stage-aware control demon-
strates that CAM adaptively allocates attention to the most
relevant conditions at each phase. By synchronizing con-
ditional influence with the natural denoising trajectory, the
model avoids over-conditioning and cross-condition con-
flicts, leading to smoother scene reconstruction, higher spa-
tial consistency, and perceptually sharper results.
Differentiable Learning of CAM. Our target is to per-
form dynamic condition selection, but it’s non-trivial to ap-
ply in practice during training. First, the sampling from
noise tokens to get the binary decision mask M is non-
differentiable, which impedes gradient optimization. To
achieve end-to-end training, we incorporate Gumbel Noise
[9, 56] into the Act(-) function. This allows the discrete
mask M to be approximately expressed as a differentiable
version during the training process.

Parallel Training via Attention Mask. Another obsta-
cle that plagues end-to-end training is that the mask M is
unstructured and varies with timesteps and samples. There-
fore, simply discarding the condition tokens where M,; =0
would result in non-uniform token numbers for each sam-
ple within a batch, making it hard to parallelize the compu-

tation. Therefore, we have to keep the token number fixed,
while preventing information leakage from the pruned to-
kens to the remaining ones. However, merely zero-out the
unselected condition tokens is not feasible due to the com-
putational characteristics of the Softmax in multi-modal at-
tention. Thus, we remould the attention mask mechanism
[31] to eliminate the impact caused by the discarded con-
dition tokens. We first convert the binary mask into the at-
tention mask, as shown in Fig. 3(b), and then apply it to the
Softmax. The whole process can be summarized as:

P=QK'"/VdcRN*N @)

- (i 0, if Mc(y) A Mgy = 0;
v — I C(4) c(j) S l<ii<N 3
attn 1, otherwise; 1suis N, @

exp (P(i’]‘)) Me(:t’tjn)
SN exp (PED) M) 4 &

attn

AGd)

1<i,j<N. 9

Following Egs. (7) to (9), we reconstruct the attention map.
Here, C(-) is used to convert the token index to the condi-
tion index, and € is a hyperparameter used to prevent un-
derflow. The masked attention map A calculated by Eq. (9)
is equivalent to the attention map obtained by removing the
unselected tokens. Meanwhile, it maintains the shape of
matrices, enabling to perform parallel training.

Remark: The CAM is lightweight, comprising less than
1% of total parameters. During inference, inactive condi-
tions are skipped, reducing computation while adaptively
selecting effective condition combinations to enhance gen-
eration quality. The detailed procedure is provided in Algo-
rithm 1 (in Supplementary).

3.3. Decoupled Multi-Modal Attention.

Our framework isolates the conditional branch and the de-
noising branch into computation-independent modules, and
the denoising branch’s essence is to facilitate the noise&text
tokens to learn spatial semantic information from the con-
dition tokens during the denoising process, rather than con-
ducting information exchange between the condition to-
kens. For example, when noise embedding X serves as
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query, the attention map of decoupled multi-modal atten-
tion (DMMA) is computed between X and all conditions:

DMMA(Q = X9, K/V = [Cy/", X"/ cy/" )

1
:softmax(ﬁxq{cg,xk,c@lm]T)[c;”p,X’“,c@lm]. (10)

Furthermore, compared to noise tokens, conditional tokens
remain agnostic to the diffusion process [40, 53]:

DMMA(Q = C}, , K = C},,V = CY},)
1 .
=Softmax( ﬁc‘q&_ [Cy.1T)Cy,. 1)

This paradigm enables the noise&text tokens to fuse the
conditional features effectively and ensure that there will
be no confusion of information among the conditions.

3.4. Fusion-LoRA Module

Since condition-LoRA branches are trained independently,
when multiple visual conditions are activated simultane-
ously, relying solely on the Softmax operation in Eq. (10)
to balance the attention score distributions of multiple con-
dition embeddings may lead to suboptimal feature fusion
results [42]. Furthermore, within our framework, the com-
binations of conditions and the quantities involved dynami-
cally vary throughout the generation process, which further
exacerbates this situation. To address the above issues, we
introduced a Fusion-LoRA module in the denoising branch
to rectify noise latent feature distribution, thus better inte-
grating multiple control information.

3.5. Loss Functions

We use flow-matching [6] loss as the training objective for
DynFusion. Given the training dataset D, which consists
of tuples of the original image x, a set of visual condition
images Cy, and text conditions C. The mathematical ex-
pression of the loss function is as follows:

Lair(©) = Ee cnnio) Ve (2,1, Cr, Cv) —wi(2le)ll3, (12)
here, z denotes the position of the data points at timestep
t, € is the predicted noise vector, vg refers to the velocity
learned by the model, and u; represents the actual vector
field of the reference path.

Additionally, to facilitate the adjustment of the condition
sparsity, we also introduce the sparsity loss [8, 55] to regu-

late condition overhead to the desired sparsity A:
tq
1 Fd namic
Lsps = E ( Y - )\)27 (13)
‘Dbsl dE€Dy Funiform

where Dys means a batch of sample tuples, t; € [0,7]
is the uniformly sampled timestep for sample d, Ffﬁmamic
and Fyniform are the floating-point operations (FLOPs) con-
sumed when processing the conditional image under adap-
tive condition fusion and uniform fusion setting, respec-
tively. We combine Lg;g and Lgps as optimization object:

Ly = Laif + - Lsps, (14)
where « serves as the weight of the sparsity loss and is set
to 1.0 by default.

4. Experiment

We evaluate DynFusion against state-of-the-art methods
across different tasks: Multi-Spatial generation, Subject-
Insertion generation, Subject-Spatial generation, and efc.
Furthermore, we conduct extensive ablation experiments to
prove the efficacy and efficiency of our method. Implemen-
tation details are listed in Sec. A3 (in Supplementary).

4.1. Main Results

Multi-Spatial Generation. This experiment addresses
the limited spatial representation capability of using a sin-
gle condition in spatially aligned generative tasks. To im-
prove spatial consistency and visual fidelity, multiple spa-
tial conditions are introduced in a complementary manner,
providing stronger geometric and structural constraints dur-
ing image generation. As shown in Tab. | and Fig. 5, Our
method surpasses existing approaches in image quality and
controllability, preserving structures more accurately. The
generated buildings align well with the depth map, main-
taining correct hollow geometry. Additionally, fine details
such as fences follow the canny edges precisely, avoiding
the wall-fence confusion seen in prior methods.

Subject-Insertion Generation. Compared with subject-
driven generation that only uses the reference target as con-
ditional control, subject-insertion generation inserts the ref-
erence subject into the masked region of the background
image, thus better meeting the actual production require-
ments. As shown in Tab. 1, our DynFusion demonstrates
superior performance compared to other advanced methods
in image quality and generative consistency. Meanwhile,
it can be seen from Fig. 6, our method can better preserve
the shape and integrity of the reference subject, especially
when the subject and background content are abundant and
the structure is complex. Moreover, our method does not
simply paste the subject image onto the masked area in a
rough manner, but integrates it into the background in a
highly consistent and harmonious way. Additionally, our
method does not require test-time tuning as traditional cus-
tomization methods [15, 33] do.

Subject-Spatial Generation. Try-on and place-on tasks
present significant challenges in controllable generation, as
they require the reference subject to be accurately generated
and seamlessly integrated into specific scene. To evaluate
performance, we conduct experiments using two common
spatial conditions: depth maps and canny edges. As shown
in the Subject-Depth and Subject-Canny experiments in
Tab. 1, DynFusion consistently delivers superior generative
performance while achieving an effective balance between
quality and computational efficiency. As shown in Figs. 7
and 8, DynFusion demonstrates superior adaptability, ac-
curately adjusting subject morphology according to spatial
conditions and text prompts. It also maintains strong sub-
ject consistency, precisely locating subjects without mixing
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Task Method ‘ Base Model ‘ Generative Quality Controllability Subject Consistency | Text Consistency Inference Overhead

FID| SSIM{ | FI+ MSE| | CLIP-I+ DINO 1 CLIP-T 1 Params | FLOPs |  Speed 1
UniControl D15 44.17 032 007  1346.02 - - 30.28 - - 5.46it/s

UniControlNet - 2096 028 009 1231.06 - - 32.74 - - 4.36it/s

Multi-Spatial | ControINet-Union 5420 025 007  1853.42 - - 30.72 3302M  1065T  3.5itfs
OminiControl FLUX.I 1094 054 | 018  524.86 - - 32.49 29M 16.92T  1.46its

UniCombine : 7.29 061 | 024  187.66 - - 3348 44M 1621T  1.42its

Ours 6.52 0.66 024 15897 5 = 3344 4IM 827T  2.02it/s

ObjectStitch SDL5 2686 037 - - 93.05 82.34 32.25 - - 1.46it/s

AnyDoor SD2.1 26.07 037 - - 94.88 86.04 32.55 - - 6.83it/s

Subject-Insertion | OminiControl 11.27 0.66 - - 95.38 87.64 33.08 29M 16.92T  146ius
UniCombine FLUX.1 5.14 0.76 - - 96.95 92.54 33.12 44M 1621T  1.42it/s

Ours 453 0.80 5 5 97.21 93.14 3321 M 776T  2.09it/s

Ctrl-X SDXL 5237 036 - 264490 | 78.08 50.83 30.20 - - 2.64it/s

ControlNet w. IP-Adapter 29.93 0.34 - 129580 | 8041 62.26 32.94 4214M S41T  3.26it/s

Subject-Depth | OminiControl FLUX.I 1074 051 - 50176 | 8896 84.73 32.80 29M 16.92T  1.46it/s
UniCombine : 6.92 0.52 - 20658 | 9379 90.41 33.26 44M 1621T  1.42is

Ours 6.21 0.56 5 19425 | 9452 90.70 3348 4M 7.96T  2.04it/s

Ctrl-X SDXL 47.89 036 0.05 - 79.35 5431 30.34 - - 2.64it/s

ControlNet w. IP-Adapter 30.38 038 0.09 - 79.80 60.19 32.85 4214M 541T  3.26it/s

Subject-Canny | OminiControl FLUX.I 11.02 050 0.17 - 91.52 86.75 3261 29M 16.92T  1.46it/s
UniCombine : 641 057 | 022 - 94.76 92.24 3327 44M 1621T  1.42its

Ours 572 0.64 025 5 95.33 92.87 3332 4M 820T  2.02its

Table 1. Quantitative comparison of our method with existing approaches on Multi-Spatial, Subject-Insertion, Subject-Depth, and
Subject-Canny conditional generative tasks. The bold and underlined figures represent the optimal and sub-optimal results, respectively.
In the last column, “Params]” and “FLOPs]” are additional introduced parameters and floating-point operations for processing visual
conditions on FLUX, and “Speed{” denotes diffusion iterations per second, which is the average on test set.

Multi-condition UniControl UniControlNet ~ OminiControl Ours Multi-condition ObjectStitch AnyDoor OminiControl Ours

j— j— g—
"It centers in a minimalist living room. "

3

“Footballers are chasing the football. "It hangs under a makeshift arbor. *

Figure 5. Qualitative comparison on Multi-Spatial generation. Figure 6. Qualitative comparison on Subject-Insertion generation.
appearance features with spatial semantics. Moreover, it Condition Adaptation Module (CAM) evolves dynamically
preserves edge fidelity and fine details, achieving coherent throughout the denoising process. As visualized in Fig. 4,
alignment between spatial structure and textual intent. CAM exhibits distinct activation patterns across timesteps,

conditions, and MMDIT blocks, revealing how each con-

4.2. Ablation Studies trol signal contributes at different denoising stages. Depth

In this section, we conduct ablation study on the Subject- and canny cues show persistently high activation frequen-
Insertion generative task, while more experiments on other cies, reflecting their critical role in spatial alignment and
tasks are provided in Sec. A4 (in Supplementary). edge refinement. Specifically, depth activations dominate
Effect of Adaptive Condition Fusion. To assess the im- early steps (0-10) to reconstruct global structure, canny

activations surge in later steps (15-25) for contour and
detail recovery, while subject and background cues peak
mid-process (10-20) to integrate semantic content coher-
ently. This dynamic adaptation enables flexible, context-

As shown in Tab. 2 and Fig. A1 (in Supplementary), Dyn- aware condition fusion—balancing efficiency with precise,

Fusion achieves higher generation quality with lower com- structure-consistent generat.ion. . )
putational cost. This confirms that redundant or conflict- Effect of Decoupled Multi-Modal Attention. To verify

ing condition signals can degrade generation by confusing the effectiveness of decoupled attention, we replace DMMA
with MMA [39] and CMMA [42] for training and perfor-

pact of adaptive condition fusion, we compare our dynamic
fusion strategy with two baselines: (i) uniformly activat-
ing all visual conditions and (ii) activating only a single
essential condition, while keeping all other settings fixed.

subject features and hindering accurate appearance restora-

tion_is_sues effectively mitige.lte.:d by 01.11‘ adapti\{e fusion UniCombine is the training-based version for better generation perfor-
mechanism. Moreover, the decision-making behavior of the mance throughout all the experimental stages.
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"It stands against the backdrop of towering alpine mountains. "

Figure 7. Qualitative comparison on Subject-Depth generation.

ControlNet
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"The twin girls are dressed in the same clothes.”

I A
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"It is placed in a quaint café.”

Figure 8. Qualitative comparison on Subject-Canny generation.

Method FID| SSIM{ CLIP-It DINOtT CLIP-Tt FLOPs| Method FID| SSIMt CLIP-IT DINOt CLIP-T T
Ours.Uniform  5.06 0.76 96.92 92.71 33.15 15.10T Ours w/o. Fusion-LoRA  5.93 0.73 96.19 89.42 33.10
Ours.Sole 4.89 0.78 97.08 92.96 33.24 7.56T Ours w. Fusion-LoRA 4.53 0.80 97.21 93.14 33.21
Ours.Free 4.53 0.80 97.21 93.14 33.21 7.76T

Table 2. Quantitative ablation of adaptive condition fusion
strategy on Subject-Insertion task. “Uniform” means activating
all conditions uniformly. “Sole” and “Free” indicate selecting the
conditions with softmax and sigmoid function, respectively.

Method FID| SSIM{ CLIPI{ DINO{ CLIP-TY  AtnOps |

Ours w. MMA 5.19 0.78 96.79 92.40 3308  2.74T/4.50T
Ours w. CMMA  4.75 0.81 97.13 92.99 33.11 241T/3.76T
Ours w. DMMA  4.53 0.80 97.21 93.14 3321  1.77T/2.66T

Table 3. Quantitative ablation of decoupled multi-modal atten-
tion on Subject-Insertion task. “AttnOps]” is short for attention
operations. Here, the former part is the actual overhead, while the
latter is the theoretical overhead under uniform setting.

mance evaluation. As shown in Tab. 3 and Fig. A2 (in
Supplementary), our framework achieves superior perfor-
mance and fewer attention operations. This indicates that
if the condition absorbs information from other conditions
or noise, its semantic content will become diluted and en-
tangled. Consequently, during adaptive fusion, features that
should be shielded will be contained in the activated con-
ditions, thereby interfering with the intended control effect.

Effect of Fusion-LoRA. We evaluate the necessity of
Fusion-LoRA, with results presented in Tab. 4 and Fig. A3
(in Supplementary). Removing the Fusion-LoRA module
leads to a substantial performance drop. This demonstrates
that Fusion-LoRA plays a significant role in modulating
the conditional feature aggregation operation. Especially
under the effect of our adaptive condition fusion strategy,
the categories and quantities of activated conditions are dy-
namically adjusted over timesteps and samples. Therefore,
Fusion-LoRA is crucial for enabling noise embeddings to
adapt to these dynamic adjustment.

Different Condition Sparsity. We also explore the per-
formance of DynFusion under different levels of condition
sparsity. We control the condition sparsity by adding spar-
sity loss and tuning the value of A. As presented in Tab. 5
and Fig. A4 (in Supplementary), when the sparsity is set

Table 4. Quantitative ablation of Fusion-LoRA component on
Subject-Insertion task. Fusion-LoRA is capable of modulating dif-
ferent quantities and combinations of conditional signals, thereby
providing better assistance in generating.

Method FID| SSIM1 CLIP-IT DINOt CLIP-TT Speed?t
Ours.Uniform 5.06 0.76 96.92 92.71 33.15 1.48it/s
Ours (x0.7) 4.85 0.78 97.05 92.99 33.14 1.84it/s
Ours (x0.5) 4.77 0.78 97.14 93.08 33.21 2.11it/s
Ours (x0.3) 5.19 0.75 96.79 92.52 32.98 2.49it/s

Table 5. Quantitative ablation of condition sparsity on Subject-
Insertion task.

to 50%, the generative quality and controllability of the
model are the best. Reducing sparsity to 30% weakens con-
trol strength due to insufficient conditioning signals, lead-
ing to a notable performance drop. When increasing spar-
sity to 70%, the performance slightly declines compared to
50%, indicating that excessive control signals introduce re-
dundancy. When all conditions are further activated, per-
formance degrades substantially, suggesting that excessive
conditional controls cause conflicts and further redundancy,
which have a negative impact on the model. Therefore, dy-
namically injecting the conditions is a promising direction
for optimizing controllable diffusion generation.

5. Conclusion

We propose DynFusion, an adaptive condition fusion
framework that replaces static fusion with a lightweight,
plug-and-play gating mechanism. By dynamically selecting
condition combinations for each MMDiT block and sam-
ple, DynFusion mitigates condition conflicts, removes re-
dundant computations, and enhances generative reliability.
The Condition Adaptation Module autonomously manages
this process, achieving efficient and coherent fusion across
heterogeneous conditions. Our results demonstrate both im-
proved performance and scalability, offering a practical di-
rection for future multi-conditional control research.
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