DynFusion: Rethinking Condition Fusion for Adaptive Multi-Conditional
Text-to-Image Generation

Supplementary Material

The supplementary material presents the following sec-
tions to strengthen the main manuscript:

¢ A. Preliminaries.

* B. Pseudo-code of DynFusion.
¢ C. Implementation Details.

* D. More Ablation Studies.

Al. Preliminaries

Diffusion Transformer. The condition-guided Diffusion
Transformer (DiT) has gradually replaced Latent Diffusion
Model (LDM) [4], which utilize UNet as denoising network
for iterative denoising, and has become mainstream genera-
tive model.

DiT combines the noise tokens and text tokens at token
dimension to serve as input for the denoising backbone. The
size of these tokens remains consistent throughout the entire
process. In FLUX, Muti-Modal Attention (MMA) [6] is the
core component of the DiT block, while Rotary Position
Embedding (RoPE) [7, 8] is incorporated into it to encode
spatial information:

Xij=Xi; R(i,j), 1)
for query @ and key K vector, RoPE applies rotation ma-
trices R(4, j) based on tokens’ position coordinates (i, j) in
the 2D grid. Furthermore, MMA can be depicted as:

YT
MMA (Q, K, V)x cp = softmax(%)\/7 )
where (), K, V are derived from the concatenation of noisy
image and text tokens. MMA realizes the integration of
multi-mode features. Additionally, flow matching is used
to transform image to noise:

d
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where ¢ € [0, 1], z; can be regarded as a data point at time
t. U (24, t) is a vector field that defines the magnitude and
direction of the change of data points at each timestep. This
vector is learned by denoising network.
Multi-Conditional Generation. To endow DiT with the
function of multi-condition controllable generation, we can
refer to the relevant approaches of ControlNet, and add the
condition latent variable to the noise latent variable:

y=F(Cr,X;0) + Z(Fe(Cr,X,C4"00);0z), (5

where F(-;©) represents the frozen backbone, F.(-;O,.)
serves as various condition fusion methods, e.g. sequential

Algorithm 1: Framework of DynFusion.

Input:

X noise image;

Cr: text prompt;

C'y: visual condition images;
t: timestep;

Output:

Xout: the predict noise;

Cy « {cP,c?,..,.ciy

// Encode inputs into latent representations separately
X,Cr,Cy + Encoder(X, Cr,Cy)

for each i in Blocks[0:-1] do

// Predict required visual conditions

M + CAM(X)

if is_training then

// Transfer binary mask to attention mask
Maitn ¢ Transpose(M)

(Q7 K7 V)X,CT,CV — PI‘Oj(X, CTa CV)
// Use masked softmax .

Xa CT» OV — DMMA(Q; K7 V; Mattn)
end

if is_inference then
// Remove unselected visual conditions

Cy < Del(Cy, M)
(Q7 K7 V)X,CT,CV — PI‘Oj(X, CTa CV)
// Use normal softmax

X,Cr,Cy < DMMA(Q, K,V)

end
X, CT7 Cy +~ FFN(X, CT, Cv)

end
Xout < Decoder(X)

control adapters or shared control adapters, and Z(-; ©,)
denotes zero-initialized modules. In addition, the LoRA-
based method is considerable. Firstly, concatenate multiple
visual condition tokens with noise tokens and text tokens:

X* = [Crsx;o, o)L o), ©
and then input X* into MMA depicted in Eq. (2), allowing
the noise to be restored to the image based on conditions.
A2. Pseudo-code of DynFusion

In this section, we give the pseudo-code algorithm of our
DynFusion. The specific training and inference procedure
is shown in Algorithm 1.



A3. Implementation Details

Benchmarks. We evaluate the performance of our
method on SubjectSpatial200K dataset, which has been par-
titioned into a training set (139,403 samples) and a testing
set (5,827 samples) based on the image quality assessment
scores evaluated by ChatGPT-4o [11].

Setup. We use FLUX.1-schnell [3] as our base model and
Condition-LoRA weights provided by OminiControl [9, 10]
to initialize our Condition-LoRA branches. The rank of
trainable Fusion-LoRA module is set to 4. We adopt Adam
optimizer with a learning rate of 1e~* and weight decay of
0.01. We train our DyFusion for 50,000 steps on 8 NVIDIA
A100 GPUs with the resolution of 512x512.

Metrics. To evaluate the generative quality, we compute
FID [2] and SSIM [12] between the generated images and
the ground truth images. To assess the generative controlla-
bility, we calculate MSE for the depth map generation task
and F1 _score for the canny edge conditional generation. To
measure the subject consistency, we compute CLIP-I [5]
and DINO [1] between generated images and ground truth
images. We use CLIP-T [5] to estimate the text consis-
tency between the generated images and the text descrip-
tions. Additionally, to evaluate the inference overhead, we
compare parameters, FLOPs and iteration speed simultane-
ously. Here, since the iteration speed is easily affected by
the deployed equipment and the sampling steps expected by
different diffusion models vary, we place particular empha-
sis on the first two metrics.

Ad4. More Ablation Studies

A4.1. Results on Subject-Insertion Generation

More qualitative ablation results on Subject-Insertion task
are provided here. Fig. Al explore the effectiveness of
the proposed adaptive multi-condition fusion mechanism.
Fig. A2 compare the performance of different multi-modal
attention mechanisms in our framework. Fig. A3 illustrate
the impact of Fusion-LoRA on coordinating different con-
ditions and adapting to dynamic condition strategy. Fig. A4
illustrate the performance and efficiency of the model when
condition sparsity is limited.

A4.2. Results on Multi-Spatial Generation

More quantitative and qualitative ablation results on Multi-
Spatial task are provided here. Tab. Al and Fig. A5 explore
the effectiveness of the proposed adaptive multi-condition
fusion mechanism. Tab. A2 and Fig. A6 compare the per-
formance of different multi-modal attention mechanisms in
our framework. Tab. A3 and Fig. A7 illustrate the im-
pact of Fusion-LoRA on coordinating different conditions
and adapting to dynamic condition strategy. Tab. A4 and
Fig. A8 illustrate the performance and efficiency of the
model when condition sparsity is limited.
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"It is placed in a chic, modern living room."

Figure A1l. Qualitative ablation of adaptive multi-condition fusion

strategy on Subject-Insertion task.

Multi-condition w. MMA w. CMMA w. DMMA

"It peeks out from beneath a quilt."
Figure A2. Qualitative ablation of decoupled multi-modal atten-
tion on Subject-Insertion task.

Multi-condition w/o. Fusion-LoRA  w. Fusion-LoRA

"It stands solitary on a weathered log."

"It lies open on a pichic blanket."

Figure A3. Qualitative ablation of Fusion-LoRA component on

Subject-Insertion task.
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Figure A4. Qualitative ablation of condition sparsity on Subject-
Insertion task.




Method FID] SSIM{ FI+ MSE] CLIP-T+ FLOPs|
Ours.Uniform  6.92 063 023 18253 3321 15.10T
Ours.Sole 6.81 063 024 17489  33.40 7.56T
Ours.Free 6.52 0.66 024 15897  33.44 8.27T

Table Al. Quantitative ablation of adaptive multi-condition
fusion strategy on Multi-Spatial task. “Uniform” means all con-
ditions are activated uniformly without any filtering. “Sole” and
“Free” indicate selecting the currently most suitable condition and
unlimited number of selected conditions, respectively.

Uniform Sole Free

Multi-condition

"It stands on a wooden countertop.”

Figure AS. Qualitative ablation of adaptive multi-condition fusion
strategy on Multi-Spatial task.

w/o. Fusion-LoRA  w. Fusion-LoRA

Multi-condition

"She situates in a forest clearing at twilight.”

Figure A7. Qualitative ablation of Fusion-LoRA component on
Multi-Spatial task.

Method FID| SSIMt FI{+ MSE| CLIP-T1 Speedt

Ours.Unform  6.92 0.63 023 18253 3321 2.02it/s
Ours (x0.7) 674  0.63 025 16559 3328 1.83it/s
Ours (x0.5) 671 0.65 023 17024 3348 2.09it/s
Ours (x0.3)  6.97 062 021 20652 3330  2.49it/s

Method FID| SSIMT FIt+ MSE| CLIP-TT  AtnOps|

Ours w. MMA 6.97 061 021 22542 3311 2.84T / 4.50T
Ours w. CMMA 671 0.64 025 17053 33.41 2.46T /3.76T
Ours w. DMMA  6.52 0.66 024 15897 3344  1.83T/2.66T

Table A2. Quantitative ablation of decoupled multi-modal at-
tention on Multi-Spatial task. “AttnOps/” is short for the number
of attention operations. Here, the former part is the actual over-
head, while the latter is the theoretical overhead under uniform
setting.

w. CMMA w. DMMA
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"A research vessel is sailing in the Arctic."

Figure A6. Qualitative ablation of decoupled multi-modal atten-
tion on Multi-Spatial task.

Method FID| SSIMt+ FI+ MSE| CLIP-Tt

Ours w/o. Fusion-LoRA 8.74 0.56 0.19  407.02 33.51
Ours w. Fusion-LoRA 6.52 0.66 0.24 15897 33.44

Table A3. Quantitative ablation of Fusion-LoRA component
on Multi-Spatial task. Fusion-LoRA is capable of modulating dif-
ferent quantities and combinations of conditional signals, thereby
providing better assistance in generating.

Table A4. Quantitative ablation of condition sparsity on Multi-
Spatial task. We adjust the sparse loss to obtain models of different
sizes.

Multi-condition DynFusion (x0.3) DynFusion (x0.5) DynFusion (x0.7) Uniform

“Captured in a coastal art STUdIO above the mantel.”
Figure AS8. Qualitative ablation of condition sparsity on Multi-
Spatial task.

Subject + Background + Depth + Canny

Figure A9. Qualitative ablation of our proposed DynFusion with
various multi-condition combinations.

A4.3. Attempt for More Conditions

Our DynFusion imposes no restrictions on the number of
visual conditions. As shown in Tab. A5 and Fig. A9, the ad-



Conditions Generative Quality | Controllability Subject Consistency | Text Consistency Inference Overhead
Subject  Background Depth  Canny | FID |  SSIM 1 F11+ MSE] | CLIP-IT DINO 1 CLIP-T 1 Params | FLOPs |  Speed 1
v v 6.21 0.56 - 194.25 94.52 90.70 33.48 47T™ 7.96T 2.04it/s
v v 5.72 0.64 0.25 - 95.33 92.87 33.32 47T™ 8.20T 2.02it/s
v v 4.53 0.80 - - 97.21 93.14 33.21 47™M 7.76T 2.09it/s
v v v 4.37 0.82 - 146.80 97.27 93.24 33.56 62M 10.65T 1.78it/s
v v v v 4.35 0.82 0.27  142.58 97.29 93.30 33.62 76M 12.98T 1.62it/s

Table AS. Quantitative ablation of our proposed DynFusion with various multi-condition combinations.

dition of more conditions does indeed improve the quality
of the generated images to varying degrees. The comple-
mentary information among the conditional signals enables
more refined control.
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