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Abstract
While significant progress has been achieved in multimodal
facial generation using semantic masks and textual descrip-
tions, conventional feature fusion approaches often fail to
enable effective cross-modal interactions, thereby leading
to suboptimal generation outcomes. To address this chal-
lenge, we introduce MDiTFace—a customized diffusion
transformer framework that employs a unified tokenization
strategy to process semantic mask and text inputs, eliminat-
ing discrepancies between heterogeneous modality represen-
tations. The framework facilitates comprehensive multimodal
feature interaction through stacked, newly designed multi-
variate transformer blocks that process all conditions syn-
chronously. Additionally, we design a novel decoupled at-
tention mechanism by dissociating implicit dependencies be-
tween mask tokens and temporal embeddings. This mech-
anism segregates internal computations into dynamic and
static pathways, enabling caching and reuse of features com-
puted in static pathways after initial calculation, thereby
reducing additional computational overhead introduced by
mask condition by over 94% while maintaining performance.
Extensive experiments demonstrate that MDiTFace signifi-
cantly outperforms other competing methods in terms of both
facial fidelity and conditional consistency.

1 Introduction
High-fidelity facial synthesis (Ning et al. 2023; Chen et al.
2024b; Melnik et al. 2024; Wang et al. 2025a) holds trans-
formative potential across digital identity systems, adver-
sarial security, and immersive media applications (Terhörst
et al. 2023; Rehaan, Kaur, and Kingra 2024; Diao et al.
2025). While recent advances in generative modeling, such
as GANs and diffusion models, have enabled photorealistic
facial generation, deploying these technologies in practice
remains hindered by in fine-grained controllability, posing
challenges in precisely generating facial images that align
with user expectations.
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Modern conditional generation frameworks have transi-
tioned from unimodal to multimodal paradigms to tackle
these challenges. Initially, text-driven methods constructed
end-to-end pipelines to transform semantic descriptions into
facial attributes (Kim, Kwon, and Ye 2022; Zhu and Mu
2023). However, they encountered difficulties in achieving
precise spatial localization (e.g., pose, geometry) due to
the inherent ambiguity of language. Subsequently, visual
modalities such as semantic masks (Chen et al. 2022; Ergasti
et al. 2024) were incorporated to enforce geometric con-
straints, but this often came at the cost of reduced semantic
versatility in attributes like age, gender, or complexion. This
dichotomy has spurred research into multimodal collabora-
tive facial synergies (Meng et al. 2025; Sowmya and Meer-
adevi 2024; Kim et al. 2024) that leverage the expressive
capacity of natural language for high-level attributes and the
precision of visual cues for low-level spatial control.

Existing state-of-the-art multimodal facial synthesis
methods generally adhere to two primary architectural
paradigms: (1) Generative Adversarial Network (GAN)-
based frameworks (Du et al. 2023; Kim et al. 2024; Meng
et al. 2025), such as StyleGAN variants, which project het-
erogeneous modality conditions into a latent space via mul-
tiple encoding networks for subsequent fusion; and (2) dif-
fusion models (Nair, Bandara, and Patel 2023; Huang et al.
2023; Peng et al. 2024; Kim et al. 2024), which integrate
unimodal expert diffusion models through dynamic weight-
ing during the inference process. However, these approaches
typically process multiple modalities in isolation or em-
ploy simplistic feature fusion strategies, resulting in subopti-
mal multimodal feature interaction—particularly in scenar-
ios that demand collaborative optimization between visual
masks and textual descriptions.

In this work, we propose a customized diffusion trans-
former framework termed MDiTFace, which aims to tackle
the challenge of inadequate cross-modal feature interaction
in high-fidelity mask-text collaborative facial synthesis. The
framework employs a unified tokenization approach to pro-
cess multimodal conditions from mask and text inputs and
projects them into a shared latent space via modality-specific
embedders, effectively bridging the gap between hetero-
geneous modality representations. We design a dedicated
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multivariate transformer block capable of simultaneously
processing multi-conditional token sequences derived from
both text and mask modalities. The internal attention compu-
tation within this block significantly enhances cross-modal
feature interaction capabilities. Additionally, by decoupling
the implicit dependency between mask tokens and tempo-
ral embeddings, we introduce a novel decoupled attention
mechanism. It explicitly splits the internal computational
flow into dynamic and static pathways, enabling relevant
features in the static pathway to be cached and reused across
denoising steps after initial computation. This approach re-
duces the additional computational overhead introduced by
mask condition by over 94% while maintaining model per-
formance.

In summary, our core innovations and contributions are as
follows:

• We propose a customized diffusion transformer frame-
work, MDiTFace, which resolves the issue of insufficient
multimodal feature interaction in high-fidelity mask-text
collaborative facial synthesis, significantly improving the
quality of synthesized facial images.

• We design a dedicated multivariate transformer block
that can simultaneously process multimodal token se-
quences from both text and mask inputs, with its internal
attention computation substantially facilitating bidirec-
tional and flexible interaction between multimodal fea-
tures.

• We introduce a novel decoupled attention mechanism
that explicitly divides the internal computational flow
into dynamic and static pathways. By reusing computa-
tional features in the static pathway, it reduces the com-
putational overhead associated with mask tokens by over
94% while preserving model performance..

Comprehensive qualitative and quantitative evaluations
demonstrate that MDiTFace achieves state-of-the-art per-
formance in both facial fidelity and multimodal conditional
consistency.

2 Related Works
2.1 Diffusion Models for Image Generation
Recent advancements in generative modeling have wit-
nessed a paradigm shift from GAN-based architectures (You
et al. 2022; Du et al. 2023; Che Azemin et al. 2024) to diffu-
sion models (Po et al. 2024; He et al. 2025; Chang et al.
2025; Huang et al. 2025), driven by their superior train-
ing stability and output diversity. Early diffusion models
like DDPM (Ho, Jain, and Abbeel 2020) and DDIM (Song,
Meng, and Ermon 2020) established foundational sampling
pipelines, while subsequent works focused on computational
efficiency (Rombach et al. 2022; Xue et al. 2024; Chade-
bec et al. 2025) and conditional control (Podell et al. 2023;
Yoon et al. 2023; Peng et al. 2024). Latent diffusion models
(LDM) (Rombach et al. 2022) reduced computational costs
by operating in compressed latent spaces, enabling high-
resolution synthesis. ControlNet (Zhang, Rao, and Agrawala
2023), ControlNeXt (Peng et al. 2024), and T2I-Adapter
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Figure 1: Overall framework of our MDiTFace method.

(Mou et al. 2024) further enhanced controllability by intro-
ducing external conditioning networks, though their multi-
modal integration is still confined to the addition of inde-
pendent feature maps.

The integration of vision transformers has driven recent
breakthroughs, where diffusion transformers (DiTs) (Pee-
bles and Xie 2023; Wang et al. 2025b) demonstrate su-
perior performance over U-Net architectures (Ronneberger,
Fischer, and Brox 2015) through global attention mecha-
nisms, with representative works including FLUX.1 (Labs
2024), OminiControl (Tan et al. 2024, 2025), and OmniGen
(Xiao et al. 2025). However, these methods often incur sig-
nificantly higher computational costs.

2.2 Facial Image Synthesis with Multimodal
Conditioning

Facial synthesis techniques (Kim et al. 2023; Melnik et al.
2024; Song et al. 2025) have evolved from unimodal con-
trol paradigms to multimodal control paradigms, with recent
research efforts focusing on the collaborative integration of
various modalities, such as text and semantic masks (Du
et al. 2023; Meng et al. 2025). Methods like TediGAN (Xia
et al. 2021) and MM2Latent (Meng et al. 2025) leverage the
disentangled properties of theW latent space in StyleGANs
to achieve multimodal-driven facial synthesis by fusing la-
tent vectors from multiple modalities. In contrast, diffusion-
based approaches, such as GCDP (Park et al. 2023), have
aimed to enhance semantic alignment in synthesized faces;
however, they are limited by the restrictive assumptions of
joint Gaussian distributions. Additionally, methods like UaC
(Nair, Bandara, and Patel 2023) and CoDiffusion (Huang
et al. 2023) dynamically integrate multiple unimodal expert
models during inference, which results in a more than two-
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fold increase in computational cost. Meanwhile, DDG (Kim
et al. 2024) combines diffusion models with GANs, utiliz-
ing ControlNet (Zhang, Rao, and Agrawala 2023; Peng et al.
2024) for semantic mask and text multimodal feature fusion.
Still, the expressiveness of the StyleGAN latent space repre-
sentation constrains the quality of synthesized faces.

3 Method
3.1 Preliminaries
Diffusion transformer (DiT) (Peebles and Xie 2023) suc-
cessfully breaks through the limitations of local percep-
tion by adopting a pure transformer architecture to re-
place the traditional U-Net backbone network. This achieves
an integration of global dependency modeling and multi-
modal information fusion, thereby significantly enhancing
the model’s capability to model semantic consistency in
complex scenarios. At time step t, the model utilizes stacked
tansformer blocks to synchronously process noisy image to-
kens Xt ∈ RN×d and text condition tokens CT ∈ RL×d.
Each transformer block incorporates a multi-head attention
computation via Equation 1, ensuring in-depth interaction
and fusion between visual and semantic information.

Attn(Q,K,V) = Softmax
(
QK⊤
√
dh

)
V, (1)

where Q, K, and V are linearly projected from the concate-
nated tokens [CT ;Xt], and dh denotes the head dimension.

Rotary Positional Embedding. To overcome the trans-
lation invariance limitation of traditional absolute position
encoding, DiT introduces Rotary Position Encoding (RoPE)
(Heo et al. 2024) to explicitly model spatial relationships.
Each visual token at position (i, j) is modulated via:

Xi,j ← Xi,j ·R(i, j), (2)

where R(i, j) denotes frequency-domain rotation. Text to-
kens are assigned (0,0) to maintain semantic coherence.

3.2 Model Design
Figure 1 illustrates the overall framework of the proposed
MDiTFace method, which aims to synthesize high-fidelity
facial images under the collaborative constraints of textual
descriptions and semantic masks. Built upon the FLUX.1
text-to-image generation model (Labs 2024; Labs et al.
2025), MDiTFace employs a unified tokenization strategy
to process heterogeneous mask-text conditional inputs, pro-
jecting them through modality-specific embedders into a
shared latent space where the noise image tokens Xt re-
sides, thereby eliminating representation disparities across
heterogeneous modalities. To achieve synchronous process-
ing and achieve a thorough fusion of multiple conditional
token sequences, which include mask tokens CM and text
tokens CT , we have conducted a comprehensive redesign
and subsequent implementation of the multivariate trans-
former block. These blocks incorporate an innovatively de-
signed decoupled attention mechanism that enables flexible
interaction among multimodal tokens while partitioning in-
ternal computations into dynamic and static pathways. By
eliminating the implicit dependency between mask tokens

CM and temporal embeddings, the relevant features of the
static pathway can be cached after the initial computation
and reused across denoising steps, thereby significantly re-
ducing redundant computational overhead.

Unified Tokenization. To achieve collaborative facial
synthesis combining semantic masks and textual descrip-
tions, the key challenge lies in efficiently integrating seman-
tic mask conditions into the foundational model. An intuitive
approach is to directly concatenate the VAE-encoded mask
condition CM with the noisy image Xt along the channel
dimension, as shown in Equation 3:

Xt ← Concat(Xt,CM ). (3)

However, experimental results indicate that this simple fu-
sion strategy leads to poor mask-condition consistency in
synthesized facial images (see Table 3 for details). To ad-
dress this issue, our proposed MDiTFace method employs
a unified tokenization strategy to process multimodal input
conditions: The mask is encoded by reusing the VAE en-
coder, preserving spatial position information while main-
taining architectural simplicity. The text is encoded using
the pre-trained T5 encoder (Raffel et al. 2020) to capture
semantic richness. Subsequently, the encoded features from
both modalities are projected into a latent space shared with
the noisy image tokens Xt via modality-specific embedders,
bridging representation gaps between heterogeneous modal-
ities. This transformation is formalized in Equation 4:

CM = VisualEmbedder(VAE(Mask)) ∈ RN×d,

CT = TextEmbedder(T5(Text)) ∈ RL×d.
(4)

To strengthen spatial alignment, we apply the same RoPE
to the mask tokens CM as to the noisy image tokens Xt,
ensuring precise correspondence between them in the spatial
dimension. The operation is defined in Equation 5:

CMi,j
← CMi,j

·R(i, j). (5)

Finally, a joint token sequence [CT ;Xt;CM ] is constructed
by concatenating text tokens CT , noisy image tokens Xt,
and mask tokens CM along the sequence dimension. This
unified tokenization provides a foundational representation
for further interaction of multimodal features.

Multivariate Transformer Block. In the vanilla trans-
former block, its inherent dual-stream token processing
paradigm is primarily designed for text-driven image syn-
thesis tasks (as shown in Figure 2)(a), making it difficult
to directly accommodate the synchronous processing re-
quirements of multimodal conditional tokens (mask tokens
CM and text tokens CT ). To address this limitation, we
have specifically reconstructed the internal architecture of
the transformer block, upgrading its intrinsic dual-stream at-
tention mechanism to a tri-stream attention architecture (as
depicted in Figure 2(b)) to support the collaborative process-
ing of multiple conditional tokens.

Specifically, this module performs linear projections on
the inputs of the three modalities separately using indepen-
dent parameter matrices to generate queries (Q), keys (K),
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Figure 2: Internal attention design of the multivariate transformer block. (a) The vanilla dual-stream attention in FLUX.1, which
exclusively supports text-modal conditioning. (b) Extended holistic tri-stream attention supporting mask-text multimodal con-
ditions at significantly increased computational cost; (c) Hard-decoupled attention with dynamic and static pathways,efficiency
improves, but at the cost of performance degradation; (d) Improved decoupled attention restoring mask-to-text perceptual path-
ways for balanced efficiency and model performance.

and values (V). The calculation process is as follows:
Q = [WT

q CT ;W
X
q Xt;W

M
q CM ],

K = [WT
k CT ;W

X
k Xt;W

M
k CM ],

V = [WT
v CT ;W

X
v Xt;W

M
v CM ].

(6)

Through tri-stream attention computation, noisy image to-
kens Xt, text tokens CT , and mask tokens CM can achieve
sufficient dynamic interaction and feature fusion, effectively
enhancing the semantic correlation among multimodal fea-
tures. However, the introduction of multiple conditional to-
kens inevitably increases the computational complexity dur-
ing the inference phase, particularly when handling high-
resolution facial synthesis tasks, significantly constraining
the generation efficiency.

Decoupled Attention Mechanism. To effectively miti-
gate the increase in computational overhead, we innova-
tively propose a decoupled attention mechanism. Its initial
design is illustrated in Figure 2(c), where the attention com-
putation is decoupled into a dynamic pathway and a static
pathway through structural design. Specifically, the dynamic
pathway incorporates the perception of mask features while
retaining the ability to be modulated by timestep embedding.
The static pathway focuses solely on the self-attention com-
putation of mask tokens CM and decouples its dependency
on the diffusion timesteps. It only needs to be computed
once at the initial stage of diffusion, and the cached features
can be directly reused in subsequent denoising steps, thereby
significantly reducing computational complexity. However,
experiments (as shown in Table 4) reveal that this hard-
decoupled design disrupts the effective perception of text
tokens CT by mask tokens CM , leading to a significant de-
cline in mask-condition consistency of the synthesized facial
images.

To address this deficiency, we optimize and improve the
structure of the decoupled attention mechanism, as depicted

in Figure 2(d). We use the concatenated sequence of mul-
timodal condition tokens ⟨CM ,CT ⟩ as the input for static
pathway computation, thereby restoring the perception from
mask tokens CM to text tokens CT and ensuring the in-
tegrity and effectiveness of feature interaction. The final
computational definitions of the dynamic pathway and static
pathway are as follows:

Dynamic pathway (Modulated by timesteps):

Q1 = [WT
q CT ;W

X
q Xt],

K1 = [WT
k CT ;W

X
k Xt;W

T
k CM ],

V1 = [WT
v CT ;W

X
v Xt;W

T
v CM ].

(7)

Attn ([CT ;Xt]) = Softmax
(
Q1K

⊤
1√

dh

)
V1, (8)

Static pathway (Cache and reuse after computation):

Q2 = [WT
q CM ;WT

q CT ],

K2 = [WT
k CM ;WT

k CT ],

V2 = [WT
v CM ;WT

v CT ].

(9)

Attn([CM ;CT ]) = Softmax
(
Q2K

⊤
2√

dh

)
V2. (10)

3.3 Computational Analysis
We conduct a computational complexity analysis of the at-
tention calculations across different architectures depicted in
Figure 2. Taking Xt,CM ∈ RN×d and CT ∈ RL×d as ex-
amples, where N denotes the number of image tokens and
L represents the number of text tokens. Suppose a total of
T denoising timesteps are executed during inference. The
computational complexity of the architecture in Figure 2(a)
is O(T · (N + L)2). Due to the introduction of mask to-
kens CM , the computational complexity of the architecture

2673



in Figure 2(b) increases significantly to O(T · (2N + L)2),
which becomes infeasible when N is large. In contrast, our
optimized decoupled attention mechanism in Figure 2(d)
benefits from the fact that computations on the static path-
way need to be performed only once, reducing its computa-
tional complexity to O

(
T · (N + L) · (2N + L) + (N +

L)2
)
. Given that in high-resolution facial synthesis scenar-

ios where N ≫ L , this design optimization can reduce the
overall computational load by nearly 50%.

3.4 Training Strategy
During the training phase, we adopt a lightweight adapta-
tion architecture and optimize the model with the aid of
flow matching loss, while introducing a stochastic condition
dropout mechanism to enhance the model’s performance and
generalization capability.

Training Objective. We employ a lightweight adapta-
tion architecture, which only requires low-rank adaptation
(LoRA) (Hu et al. 2021) fine-tuning on the visual embedder
and some linear layers within the multivariate transformer
blocks. This approach results in training fewer than 0.1% ad-
ditional parameters, thereby significantly reducing the com-
putational cost of training. The model is optimized using the
flow matching loss, with the specific formula as follows:

L(θ) = Et,ϵ,Xt,CT ,CM

[
∥vθ(Xt, CT , CM , t)− µt(Xt)∥22

]
,

(11)
where, θ denotes the trainable parameters, vθ(∗) signifies
the predicted velocity field and µt(∗) represents the target
velocity field.

Stochastic Condition Dropout. To further augment the
generalization ability of our model, enabling it to accom-
modate both multi-condition collaborative facial synthesis
(integrating both mask and text inputs) and single-condition
facial synthesis (utilizing either text or mask input), we in-
corporate a stochastic condition-dropping mechanism dur-
ing the training phase. Specifically, for either the text condi-
tion or the mask condition, we randomly drop them with a
predefined probability p (set to p = 0.1 in our experiments).
The detailed implementation can be found in Equation 12.

CT/M =

{
ϕ with probability p,

CT/M with probability 1− p.
(12)

4 Experiments
4.1 Experimental Setup
In this section, we provide a comprehensive introduction to
the specific experimental settings, encompassing datasets,
evaluation metrics, and implementation details.

Datasets. MM-CelebA (Lee et al. 2020) is a large-scale,
multimodal facial synthesis benchmark dataset widely used
for evaluation. It comprises 30,000 highly diverse, high-
resolution real-world facial images. Each image is accom-
panied by 10 distinct textual descriptions and a manually
annotated semantic mask. The semantic masks cover 19 se-
mantic categories, including major facial components such
as hair, skin, eyes, and nose, as well as accessory categories

like glasses and clothing. For model training and testing, the
MM-CelebA dataset is split into training and test sets in a
9:1 ratio. In addition, to further evaluate the generalization
capability of our model, we extended the FFHQ-Text dataset
(Zhou 2021) into a mask-text multimodal version, denoted
as MM-FFHQ, where the semantic masks were obtained us-
ing a pre-trained facial parser (Zheng et al. 2022).

Metrics. We employ a range of widely recognized met-
rics to evaluate the performance of our model, spanning im-
age quality, conditional consistency, and human preference.
For image quality,we employ the no-reference TOPIQ met-
ric (Chen et al. 2024a) to evaluate the overall quality of
synthesized facial images. Additionally, we utilize the CLIP
Maximum Mean Discrepancy (CMMD) to quantify the dis-
tributional divergence between synthesized and real facial
images in the CLIP feature space (Jayasumana et al. 2024),
and the Learned Perceptual Image Patch Similarity (LPIPS)
to assess perceptual distortion between synthesized and orig-
inal images (Zhang et al. 2018). For conditional consistency,
we measure semantic alignment between text and images
using the CLIP score (Radford et al. 2021), evaluate pixel-
level alignment between segmentation masks and images via
Mask Accuracy, and quantify structural similarity between
synthesized and real facial images using the DINO Struc-
ture Distance (DSD) (Tumanyan et al. 2022). Additionally,
we employ a pre-trained aesthetic scoring model (Xu et al.
2023) to compute the Image Reward Score (IRS), which
serves as an indirect proxy for the human-centric visual ap-
peal of the generated images.

Implementation Details. All experiments were con-
ducted on a server equipped with 8 NVIDIA A100 GPUs,
each with 80 GB of memory. We employed parameter-
efficient LoRA fine-tuning with a rank of 8, and selected
Prodigy (Mishchenko and Defazio 2024) as the optimizer.
The base learning rate was set to 1.0, and the weight decay
coefficient was configured as 0.01. During training, we used
a batch size of 16 and optimized the model for 5,000 steps.
For inference, we employed the Flow-Matching Euler Dis-
crete scheduler, with a random seed of 42 and 28 sampling
steps.

4.2 Quantitative Evaluation
Table 1 presents the quantitative comparison on the MM-
CelebA benchmark dataset, demonstrating that the proposed
MDiTFace outperforms all competing methods across all
metrics, thereby establishing a new performance bench-
mark. Specifically, in terms of image fidelity measured by
TOPIQ, LPIPS, and CMMD, MDiTFace achieves improve-
ments of 2.59%, 3.27% and 34.33%, respectively, com-
pared to the second-best method. For conditional consis-
tency evaluated using Mask (%), CLIP.T (%), and DSD
metrics, MDiTFace shows enhancements of 0.87%, 2.26%
and 8.81%, respectively, over the runner-up. This con-
firms that MDiTFace generates facial images with not only
higher fidelity but also better semantic alignment with mul-
timodal input conditions. Additionally, MDiTFace attains
the highest Image Reward Score of 0.6993, proving its
superior performance in human-centric visual appeal. Ta-
ble 2 displays the quantitative evaluation on the MM-FFHQ
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She has black and
wavy hair, pointy nose, 
mouth slightly open, 
oval face. She wears
earrings, and lipstick.

This smiling man has 
narrow eyes, high 
cheekbones, mouth 
slightly open, and big 
nose.

She has wavy hair, and 
wears earrings, and 
with a heavy makeup.

This man has black 
hair, and straight hair.

TediGANText UaC PixelFace+ CoDiffusion MM2LatentMask OursControlNeXt

Figure 3: Qualitative comparison with state-of-the-art methods of mask-text collaborative facial generation.

Category Methods Paradigm TOPIQ↑ LPIPS↓ CMMD↓ Mask(%)↑ CLIP.T(%)↑ DSD↓ IRS↑

Comparisons

TediGAN (2021) GAN 0.7130 0.4885 1.562 87.89 23.90 2.46 -0.1446
UaC(2023) Diffusion 0.6027 0.5761 1.982 84.71 25.52 3.41 -0.4001
PixelFace+ (2023) GAN 0.5720 0.5640 1.273 93.82 26.16 2.61 0.4608
CoDiffusion (2023) Diffusion 0.7381 0.5845 0.734 83.75 24.51 3.22 -0.1265
ControlNeXt (2024) Diffusion 0.8037 0.5469 1.042 91.65 25.88 2.66 0.3675
MM2Latent (2025) GAN 0.8252 0.5124 1.178 85.05 24.61 3.05 0.2754

Ours MDiTFace Diffusion 0.8466 0.4725 0.482 94.64 26.75 2.38 0.6993

Table 1: Quantitative comparison with state-of-the-art methods on the MM-CelebA test set. (Bold indicates the best, and un-
derline indicates the second-best.)

dataset. MDiTFace continues to maintain leading perfor-
mance across multiple metrics, demonstrating its robust
zero-shot generalization capability. More quantitative exper-
iments are provided in the Supplementary Material.

4.3 Qualitative Comparison

Figure 3 displays the facial images synthesized by the pro-
posed MDiTFace and competing methods under the same
multimodal conditions. It is evident that the facial images
synthesized by MDiTFace exhibit higher fidelity. Mean-
while, in terms of fine-grained attributes such as earrings,
hair color, and hat shape, MDiTFace can better align with
the input conditions, as shown in rows 1-3. This is consis-
tent with the results of quantitative evaluation experiments.
In contrast, existing methods suffer from various deficien-
cies. For instance, methods like UaC (Nair, Bandara, and
Patel 2023), PixelFace+ (Du et al. 2023), and CoDiffusion
(Huang et al. 2023) generate facial images with noticeably
inadequate fidelity, resulting in unsatisfactory image quality.

Other methods, such as TediGAN (Xia et al. 2021), Con-
trolNeXt (Peng et al. 2024), and MM2Latent (Meng et al.
2025), encounter challenging issues of attribute loss or drift,
leading to discrepancies between the synthesized facial im-
ages and the expected input conditions. Additionally, when
handling the task of facial synthesis under extreme poses, as
depicted in row 4, MDiTFace still maintains significant ro-
bustness compared to existing methods. More examples can
be found in the Supplementary Material.

4.4 User Study

We conducted a user study with 30 participants to esti-
mate choice preferences from a human perspective. We ran-
domly selected 50 sets of test data and shuffled the order of
facial images synthesized by all the methods. Participants
were required to choose one facial image that best met the
multi-constraint conditions of masks and text prompts. Fig-
ure 4 presents the statistical results. Our method received
the highest proportion (38%) of user support, far outper-
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Category Methods Paradigm TOPIQ↑ LPIPS↓ CMMD↓ Mask(%)↑ CLIP.T(%)↑ DSD↓ IRS↑

Comparisons

TediGAN (2021) GAN 0.6992 0.6420 1.091 86.81 25.03 3.32 -0.4847
UaC (2023) Diffusion 0.6106 0.6752 1.796 86.17 26.97 6.38 -0.8851
PixelFace+ (2023) GAN 0.5609 0.6705 1.917 95.02 26.60 3.08 -0.2616
CoDiffusion (2023) Diffusion 0.5035 0.6767 2.178 81.78 23.03 3.85 -1.2101
ControlNeXt (2024) Diffusion 0.7594 0.6165 1.073 86.52 27.80 3.84 -0.4063
MM2Latent (2025) GAN 0.8198 0.6371 0.437 84.24 26.37 3.52 -0.1197

Ours MDiTFace Diffusion 0.8503 0.4969 1.135 96.13 28.05 2.79 0.0842

Table 2: Quantitative comparison with state-of-the-art methods on the MM-FFHQ dataset.

Figure 4: User study. Our method secured the highest pro-
portion of user support.

Process Mask(%)↑ CLIP.T(%)↑ IRS↑ CMMD↓

Concat 88.73 26.08 0.3699 0.476
Ours 94.64 26.75 0.6993 0. 482

Table 3: Effectiveness comparison of different mask condi-
tion processing approaches.

forming the second-place method (ControlNeXt, 18%) and
the third-place method (MM2Latent, 16%). These findings
further validate the effectiveness of MDiTFace in mask-text
collaborative facial synthesis.

4.5 Ablation Studies
We conducted ablation studies to comparatively analyze dif-
ferent mask-handling approaches, validate the effectiveness
of our decoupled attention mechanism, and assess the im-
pact of hyperparameter settings in our experiments.

Handling of the mask condition. Table 3 presents a
quantitative comparison of different mask condition pro-
cessing approaches. The method denoted by Concat is as
described in Equation 3, which simply performs channel-
wise concatenation of the noisy image latent and the mask.
The experimental results demonstrate that this processing
approach leads to suboptimal performance in terms of mask
condition consistency, achieving a score of only 88.73 on

In
fe

re
nc

e 
Ti

m
e 

(s
)

A B C

MethodsDiffusion Steps
TF

LO
Ps

(a) Cumulative TFLOPs with 
increasing diffusion steps.

(b) Reduction in inference 
time via decoupled attention.

Figure 5: Additional computational overhead introduced by
mask condition.

the Mask(%) metric. This represents a 5.91% gap compared
to the unified tokenization method we employ. These find-
ings provide compelling evidence for the superiority of us-
ing unified tokenization to handle multimodal conditions in
mask-text collaborative face generation tasks.

Effectiveness of Decoupled Attention. Table 4 presents
a systematic quantitative comparison across the three mul-
tivariate transformer architectures depicted in Figure 2(b)-
(d). The holistic tri-stream attention mechanism (Figure
2(b)) incurs an additional computational overhead of 185.79
TFLOPs due to its simultaneous processing of mask condi-
tions. The hard-decoupled variant (Figure 2(c)) effectively
reduces computational load by eliminating implicit cou-
pling between static pathways and temporal embeddings,
but at the expense of weakened mask-text interaction ca-
pabilities, as evidenced by a 3.5% absolute decline in the
Mask(%) metric (from 94.72 to 91.22). In contrast, our im-
proved decoupled attention mechanism (Figure 2(d)) recon-
structs perceptual pathways from mask tokens to text to-
kens by introducing joint multimodal condition tokens 〈CM,
CT〉 into static pathways. This approach maintains statisti-
cal equivalence in model performance while dramatically re-
ducing mask-induced computational overhead from 185.79
TFLOPs to 9.95 TFLOPs (a 94.7% reduction). Figure 5 fur-
ther validates the significant computational efficiency gains
through cumulative floating-point operation statistics and in-
ference time comparisons.
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Type Mask(%)↑ CLIP.T(%)↑ IRS↑ CMMD↓ ∆TFLOPs

(b) 94.72 26.86 0.6967 0.524 185.79

(c) 91.22 26.80 0.7039 0.602 6.64
(d) 94.64 26.75 0.6993 0.482 9.95

Table 4: Comprehensive quantitative analysis on the effec-
tiveness of the proposed decoupled attention mechanism.

r Mask(%)↑ CLIP.T(%)↑ CMMD↓

4 94.78 26.52 0.477
8 94.64 26.75 0.482

16 94.64 26.70 0.470
32 94.73 26.63 0.494

Table 5: Ablation study on LoRA rank setting.

p Mask(%)↑ CLIP.T(%)↑ DSD↓

0.1 94.64 26.75 2.38
0.3 94.21 26.68 2.40
0.5 94.21 26.71 2.41
0.7 93.61 26.90 2.54
0.9 84.00 27.02 3.11

Table 6: Ablation study on hyperparameter p of the stochas-
tic condition dropout probability.

The setting of hyperparameters r and p. We conducted
a comparative analysis of model performance under differ-
ent settings of the LoRA rank (r), with the relevant results
presented in Table 5. The experiments revealed that increas-
ing the value of r did not significantly enhance model perfor-
mance, which, to a certain extent, confirms the robustness of
our proposed method. All quantitative scores reported in this
paper were obtained when the LoRA rank was set to 8. Addi-
tionally, we introduced a stochastic condition dropout strat-
egy during the training phase, aiming to enable the model
to simultaneously adapt to facial generation tasks driven by
unimodal conditions. We also conducted a comparative anal-
ysis of the impact of the hyperparameter p setting on model
performance, with the relevant experimental results shown
in Table 6. It can be observed that, under a fixed number
of fine-tuning steps, as the value of the hyperparameter p
increases, the model’s learning efficiency for newly intro-
duced mask conditions significantly decreases. This trend is
particularly evident in the Mask(%) and DSD metrics when
p exceeds 0.5.

4.6 Multimodal Compatibility
Although the proposed MDiTFace method is primarily tai-
lored for the mask-text collaborative facial generation task,

its intrinsic architecture demonstrates robust generalization
capabilities, allowing it to seamlessly accommodate com-
bined inputs from diverse multimodal conditions. For exam-
ple, multimodal pairings such as depth-text and sketch-text
can all be efficiently processed by MDiTFace. As depicted
in Figure 6, MDiTFace exhibits exceptional performance in
the sketch-text collaborative facial generation task. In this
scenario, the sketch provides coarse contour and structural
information of the face, while the text serves to refine fa-
cial attributes, including skin tone, expressions, and fine-
grained feature details. MDiTFace precisely captures key in-
formation from both the sketch and text, organically fusing
them to generate high-quality, highly realistic facial images
that closely align with the input descriptions. This fully un-
derscores its powerful compatibility in handling multimodal
condition combinations.

Text:  This young person has brown hair, thick eyebrows.

Figure 6: Sketch-text jointly driven facial synthesis.

5 Conclusion
This study proposes MDiTFace, a high-fidelity mask-text
collaborative facial synthesis framework built upon a cus-
tomized diffusion transformer. The framework employs uni-
fied tokenization to process multimodal conditions, effec-
tively bridging the representational gaps between heteroge-
neous modalities. The restructured multivariate transformer
blocks is capable of efficiently and synchronously handling
both mask and text tokens. Its internally designed decoupled
attention mechanism not only facilitates flexible interactions
among multimodal features but also explicitly partitions the
computational flow into dynamic and static pathways by de-
coupling implicit dependencies between mask tokens and
temporal embeddings. Relevant features in the static path-
way only need to be computed once and then cached for
reuse across denoising steps. This mechanism reduces re-
dundant computational overhead introduced by mask condi-
tions by over 94% while maintaining model performance.
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