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Abstract

Multi-subject video generation aims to synthesize videos
from textual prompts and multiple reference images, ensur-
ing that each subject preserves natural scale and visual fi-
delity. However, current methods face two challenges: scale
inconsistency, where variations in subject size lead to unnat-
ural generation, and permutation sensitivity, where the order
of reference inputs causes subject distortion. In this paper, we
propose MoFu, a unified framework that tackles both chal-
lenges. For scale inconsistency, we introduce Scale-Aware
Modulation (SMO), an LLM-guided module that extracts im-
plicit scale cues from the prompt and modulates features to
ensure consistent subject sizes. To address permutation sensi-
tivity, we present a simple yet effective Fourier Fusion strat-
egy that processes the frequency information of reference fea-
tures via the Fast Fourier Transform to produce a unified rep-
resentation. Besides, we design a Scale-Permutation Stability
Loss to jointly encourage scale-consistent and permutation-
invariant generation. To further evaluate these challenges, we
establish a dedicated benchmark with controlled variations
in subject scale and reference permutation. Extensive experi-
ments demonstrate that MoFu significantly outperforms ex-
isting methods in preserving natural scale, subject fidelity,
and overall visual quality.

Introduction

Multi-subject video generation aims to synthesize videos
from textual prompts and multiple reference images, pro-
ducing temporally consistent results where each subject pre-
serves visual fidelity, appears at a natural scale, and remains
unaffected by permutations of reference images. Despite re-
cent progress, multi-subject video generation faces two chal-
lenges. The first is scale inconsistency: reference images of-
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Figure 1: Illustration of the challenges in multi-subject
video generation. Existing models often suffer from scale
inconsistency and permutation sensitivity. Our MoFu frame-
work addresses both issues, producing natural-scale and
permutation-invariant videos.

ten vary significantly in subject scales due to different zoom
levels, causing subjects in generated videos to appear un-
naturally large or small. Another is permutation sensitiv-
ity: existing methods process images sequentially, inserting
them one by one along the frame or channel dimension. This
leads to subject distortion, disappearance, or physically im-
plausible interactions that depend on the input order. More-
over, as the number of references increases, computational
cost rises sharply and efficiency declines, making sequential
processing increasingly impractical. Fig. 1 illustrates these
challenges, where existing models fail to maintain natural
scales or steadily handle permutations of reference images.

Several recent works (Liu et al. 2025; Fei et al. 2025)
attempt to address scale inconsistency by fusing textual
prompts into the reference image representation, leveraging
spatial relationships implicitly encoded in the prompt (e.g., a
girl is in the room with a dog in her arms). However, without
an explicit mechanism to interpret and enforce natural scale,
these methods produce subjects with unnatural scales that
contradict the prompt, especially when the reference images



themselves vary significantly in scale. To address permuta-
tion sensitivity, some methods (Wang et al. 2024; Deng et al.
2025b) concatenate multiple reference images onto a single
blank canvas to form a unified visual input. While this avoids
sequential processing, it introduces spatial biases (i.e., cen-
tral or larger subjects may be prioritized) determined by sub-
ject placement in the composite image. Consequently, cer-
tain subjects may receive disproportionate attention or se-
mantic weight, leading to distortion or disappearance when
the spatial arrangement changes.

To address these challenges, we propose MoFu, a unified
framework that tackles both scale inconsistency and per-
mutation sensitivity in multi-subject video generation. For
the former, we introduce Scale-Aware Modulation (SMO),
an LLM-based module that extracts implicit scale relation-
ships from the prompt and injects the condition into the
model via modulation, ensuring subjects appear at natu-
ral scales. For the latter, to fuse the reference images, we
draw inspiration from a theorem in high-dimensional prob-
ability: “the inner product between random vectors tends
to zero, implying near-orthogonality (Vershynin 2018)”.
Building on this insight, we propose a simple yet effec-
tive Fourier Fusion strategy. Reference images are first seg-
mented and encoded into fine-grained features, which are
then transformed into the frequency domain using the Fast
Fourier Transform (FFT). Their high- and low-frequency
components are aggregated by direct summation, leverag-
ing their near-orthogonality, and reconstructed via Inverse
FFT (IFFT) to produce a permutation-invariant represen-
tation. To further enforce these objectives, we introduce
the Scale-Permutation Stability Loss, which jointly enforces
scale consistency and permutation-invariant generation, im-
proving subject fidelity and visual quality.

We propose a high-quality dataset, MoFu-1M, to train our
model. Besides, to further evaluate the challenges of multi-
subject video generation, we construct a dedicated bench-
mark, MoFu-Bench, that systematically evaluates models
under varying subject scales and reference permutation. Ex-
tensive experiments show that MoFu consistently outper-
forms existing methods by achieving superior scale consis-
tency and permutation-invariant generation, while preserv-
ing subject fidelity and overall visual quality.

Overall, our key contributions are summarized as follows:

* We propose MoFu, a unified framework that simultane-
ously addresses scale inconsistency and permutation sen-
sitivity in multi-subject video generation.

* We design Scale-Aware Modulation, which dynamically
adjusts feature representations using scale cues derived
from the prompt, ensuring natural subject appearance de-
spite scale variations in the references.

* We introduce a simple yet effective Fourier Fusion strat-
egy that aggregates reference features in the frequency
domain, leveraging the near-orthogonality property to
produce a permutation-invariant representation.

* We build a high-quality dataset, MoFu-1M, for train-
ing, and establish a dedicated benchmark, MoFu-
Bench, for assessing scale consistency and permutation-
invariance, demonstrating that MoFu significantly out-
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performs SOTA baselines.

Related Work
Video Generation Models

Recent advances in video generation commonly lever-
age Variational Autoencoders (VAEs) (Kingma, Welling
et al. 2013) to encode videos into compact latent spaces,
where large-scale generative pre-training is conducted us-
ing diffusion-based (Wan et al. 2025; Kong et al. 2024; Ha-
Cohen et al. 2024; Peng et al. 2025), auto-regressive (Teng
et al. 2025; Deng et al. 2024; Xie et al. 2025), and other
closed-source methods (Kling 2025; Kong et al. 2024; Pika
2025; Vidu 2025; OpenAl 2025; Runway 2025; Gao et al.
2025). These progressions have expanded controllable con-
tent generation to tasks such as text-to-video, image-to-
video, motion-customized video (Zhang et al. 2025b; Bi
et al. 2025; Huang et al. 2025a), and multi-subject video
generation (Liu et al. 2025; Fei et al. 2025; Jiang et al. 2025;
Deng et al. 2025b; Wang et al. 2024).

Multi-Subject Video Generation

Multi-subject video generation aims to synthesize videos
containing multiple entities conditioned on prompts and ref-
erence images. Existing approaches tackle subject confu-
sion through text—visual binding (Huang et al. 2025b; Chen
et al. 2025; Xiao et al. 2025), LLM-guided layout reason-
ing (Deng et al. 2025a; Zhang et al. 2025a), or unified frame-
works (Jiang et al. 2025). However, two challenges remain:
scale inconsistency and permutation sensitivity. Scale In-
consistency. Although prior works fuse prompt and refer-
ence cues to model spatial relations (Liu et al. 2025; Fei
et al. 2025), they lack explicit mechanisms to preserve re-
alistic subject scales, leading to unnatural size variations or
contradictions with prompt semantics, especially when ref-
erence scales differ greatly. Permutation Sensitivity. To re-
duce sequential bias, some methods concatenate reference
images (Deng et al. 2025b; Wang et al. 2024) or apply cross-
attention conditioning (Liang et al. 2025), yet both introduce
order-dependent artifacts or lose fine-grained identity cues.
As a result, subject appearance often becomes distorted or
inconsistent when the input order changes.

Method

This section presents the implementation details of MoFu.
We first review the foundation of our framework, includ-
ing the Diffusion Transformer (DiT) backbone and its mod-
ulation mechanism. Next, we describe the construction of
a high-quality multi-subject dataset, MoFu-1M, and bench-
mark, MoFu-Bench. Finally, we detail how Scale-Aware
Modulation and Fourier Fusion are integrated into the video
generation pipeline to explicitly address scale inconsistency
and permutation sensitivity, and how the Scale-Permutation
Stability Loss enforces these constraints during training.

Preliminary

Diffusion Transformer (DiT) and the Modulation
DiT (Peebles and Xie 2023) is a diffusion-based genera-
tive model that adopts a vanilla Transformer architecture,
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Figure 2: Overview of the MoFu framework. MoFu integrates Scale-Aware Modulation (SMO), Fourier Fusion, and the
Scale-Permutation Stability Loss (SPSL) into a DiT backbone. SMO extracts scale cues from the prompt via an LLM and
adaptively modulates scale features to maintain natural subject scales. Fourier Fusion aggregates reference features in the
frequency domain to form a permutation-invariant representation. Furthermore, SPSL jointly enforces scale consistency and

permutation-invariant generation.

replacing the U-Net structures commonly used in latent dif-
fusion models. This design enhances the ability to model
long-range spatial dependencies and improves scalability. A
key strength of DiT lies in its modulation mechanism, which
integrates external conditioning signals in a structured man-
ner. Instead of directly concatenating or adding conditioning
vectors, DiT applies adaptive scaling and shifting through
normalization layers. Given a hidden representation £ and a
modulation vector m, the modulation is defined as:

Mod(h) = v - LayerNorm(h) + 3,

where the scaling and shifting parameters v and 3 are de-
rived from m via lightweight MLPs. This mechanism en-
ables the model to dynamically adjust internal representa-
tions according to conditioning inputs, effectively guiding
the generative process with external conditions.

Dataset and Benchmark

To train and evaluate MoFu, we construct a high-quality
multi-subject video dataset, MoFu-1M, and a dedicated
benchmark, MoFu-Bench, specifically designed to assess
scale consistency and permutation invariance (see Fig. 3).

* Video Preprocessing and Captioning. Large-scale raw
videos are segmented into coherent clips using scene de-
tection (Castellano and contributors 2025). Low-quality
clips are filtered via aesthetic (Schuhmann and contrib-
utors 2025) and motion metrics, and the remaining clips
are automatically captioned with Qwen2.5-VL (Bai et al.
2025).
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Figure 3: Construction pipeline of the dataset and bench-
mark. We first perform video preprocessing and captioning,
and multi-subject extraction and filtering. Multi-scale data
for subjects and faces are then generated and refined, result-
ing in a dataset tailored for evaluating scale consistency and
permutation-invariance in multi-subject video generation.

* Subject Processing and Filtering. We first filter out
videos with poor text—video alignment using GmeScore.
Next, we extract entities (e.g., people, animals, objects)
from captions using LLM-based parsing (GLM et al.
2024) and localize them in video frames with Grounded-
SAM (Ren et al. 2024). Finally, we filter out videos
where the extracted subjects are either too large or too
small based on their relative area in the frames.



* Face Processing. Faces, which require higher fidelity,
undergo additional detection and filtering (Deng et al.
2019) to preserve identity clarity, completing the final
MoFu-1M dataset.

* MoFu-Bench Construction. To rigorously evaluate the
model, we build MoFu-Bench by introducing controlled
variations to the reference images. Specifically, we apply
subject-centric zoom operations to create scale inconsis-
tencies and randomly shuffle the order of references to
simulate permutation changes. This benchmark directly
tests a model’s ability to maintain natural scale relation-
ships and permutation-invariant generation under chal-
lenging conditions.

MoFu framework

As illustrated in Fig. 2, our MoFu framework extends a
DiT-based backbone with two core modules: Scale-Aware
Modulation (SMO) for scale consistency and Fourier Fu-
sion for permutation-invariant conditioning, while the Scale-
Permutation Stability Loss (SPSL) jointly enforces these ob-
jectives during training.

Scale-Aware Modulation The purpose of SMO is to ex-
plicitly capture scale relationships from the textual prompt
and inject them into the generation process. We first encode
the prompt p using a frozen LLM (Yang et al. 2025) to obtain
a semantic embedding:

e, = LLM(p) € R (1)

This embedding is then passed through a lightweight Scale
Control Adapter (SCA), implemented as an MLP, to predict
modulation parameters:

@

where 7, 3 € R? are scale and shift factors applied to nor-
malized features, and € R? is a gating factor to control
residual connections.

Given a DiT block feature map F € RZ*Lxd SMO per-
forms adaptive feature modulation:

736377 = fSCA(ep)7

F:7®F+67 Fout:F+77'Layer(F)v (3)

where © denotes element-wise multiplication and Layer rep-
resents either the MHA or FFN module. This modulation
mechanism explicitly injects scale-aware cues into the fea-
tures, thereby enforcing natural and consistent subject scales
throughout the video generation process.

Fourier Fusion To address permutation sensitivity, we
propose the Fourier Fusion strategy, which aggregates multi-
ple reference images without introducing positional or order
bias. Given N reference images {1, z2,...,zN}, we first
apply Grounded-SAM to segment each image and obtain
subject masks, from which the subject regions are cropped
and resized. Each processed reference is then passed through
a 3 x 3 CNN encoder £ to extract the corresponding feature
maps:

Fi — 5(x7) c RdxHxW. (4)
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Each feature map is transformed into the frequency do-
main using FFT:

F; = FFT(F,). (5)

We then decompose F; into high-frequency (HF) and low-
frequency (LF) components using a frequency mask Mjq:
—F;HF:Mfreq@fi» f}F:(l_Mfreq)Q—Fi: (6)

where Mirq is a binary mask derived from the radial fre-
quency map that separates HF and LF regions.

Leveraging the near-orthogonality of high-dimensional
vectors, we aggregate these components across all refer-
ences by simple summation:

N N
FIE=NCFF PN R 7
i=1 i=1

The fused frequency representation is reconstructed via
IFFT:

Fiusea = IFFT(FHF 4 FLE) (8)

This permutation-invariant representation is then concate-
nated with the video features to condition the generation
process.

Scale-Permutation Stability Loss To jointly enforce
scale consistency and permutation-invariant generation, we
design the Scale-Permutation Stability Loss (SPSL). SPSL
consists of two complementary terms: a scale loss, which
encourages the model to respect the relative scale of each
subject, and a permutation loss, which learns permutation-
invariant generation and penalizes inconsistencies caused by
changing the order of reference images.

Scale loss. The scale loss leverages reference masks and
their relative area ratios to adaptively re-weight the stan-
dard flow-matching loss. Given predicted and target noise
LeNSOrS €pred, €rue € REXCXTXHXW and their base mean-
squared error (MSE) loss L, We compute normalized spa-
tial weights from the reference masks:

R
M = ZwT - Resize(m,), w, =

r=1

exp(a,)

Z'r'/ eXp(aT/ ) ’

where m,. is the mask of the r-th reference image for
the sample, a, is its area ratio and w, is the normalized
weight. The resized masks are combined using the area ratio
weights. The final scale loss is:

Z(Emse QM)
>M+e

(©))

Escale = ( 10)

where © denotes element-wise multiplication and € is a
small constant to avoid division by zero. This weighting
scheme places stronger emphasis on accurately reconstruct-
ing subjects with larger relative areas while ensuring all
frames remain normalized.



Subjects with Scale

On a breezy patio adorned with lush greenery and modern architecture, an older man dressed in a navy blue sweater with a crest ...

Figure 4: Qualitative evaluation results of our method on different cases. Our model consistently generates video that main-
tains natural scale and permutation-invariance while accurately following the input text prompt. In row 5, the small rectangles
overlaid on the reference images represent the relative area occupied by each subject in the frame. Specifically, the blue regions
denote the padded white background, while the red regions indicate the actual subject area.

Permutation loss. To ensure that the change in the permu-
tation of references does not affect the generation, we com-
pute an MSE loss in the frequency domain across P permu-
tations of reference inputS'

Z IF(R

where F(-) denotes the Fourler Fusion output, R,, is a per-
mutation of references.

F(Reet)|l3, (11)

prem =

Final objective. The complete SPSL is a weighted combi-
nation of the above terms:

LSPSL = £scale + Eperm~ (12)
SPSL provides explicit guidance for MoFu to maintain nat-

ural subject scales and robust conditioning regardless of the
input reference permutation.

Experiment
Implementation Details

Dataset and Benchmark. We train our model on a high-
quality, self-curated video dataset (see Section 3.2). Start-
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ing from 15M clips obtained after scene detection, we per-
form a two-stage filtering process to ensure semantic align-
ment and appropriate subject visibility. This yields 2.5M
high-quality clips, each paired with multiple reference im-
ages stored as RGBA. Each clip consists of 81 frames. From
these, we select 1M unique clips to form the final train-
ing set MoFu-1M. To evaluate scale consistency and per-
mutation invariance, we construct MoFu-Bench, a dedicated
benchmark with 1,000 subject-text pairs. Cases are partially
adapted from ConsisID (Yuan et al. 2025b), A2-Bench (Fei
et al. 2025), and OpenS2V-Bench (Yuan et al. 2025a), with
the remainder curated for broad subject diversity. Each case
includes up to three reference images with systematic scale
variations and randomized permutations, paired with a high-
quality prompt for semantic alignment. Compared to exist-
ing benchmarks, MoFu-Bench is the first to explicitly assess
both scale consistency and permutation invariance, provid-
ing diverse subjects and fine-grained annotations as a strong
standard for future evaluation.

Evaluation Metrics. To comprehensively evaluate gen-
erated videos, upon MoFu-Bench, we adopt six metrics



In a rustic outdoor kitchen adorned with wood
en beams and thatched roofing, a woman dress
ed in a navy blue vest over a striped shirt is en
gaged in the process of cooking. She stands be
side a large pot, pouring a creamy white liquid
from a smaller bowl into it using a ladle ...

In a packed indoor arena illuminated by bright
artificial lights, a massive monster truck, ador
ned with bold red and black graphics, dominat
es the dirt track. The vehicle, equipped with o
.-<m versized tires, is showcasing its impressive hei
ght and power. The crowd, visiable in the ...

SkyReels-A2

Ours

Figure 5: Qualitative comparison on scale-inconsistent scenarios. In the left case, Phantom fails to maintain the correct relative
scale of the bowl, while our approach produces a proportionally accurate result. Similarly, in the right case, the large monster

truck is generated at a natural size relative to its environment.

In a cozy indoor setting, two individuals are se
ated closely together, engaged in what appears
to be a lighthearted conversation or shared acti
vity. The person on the left..., while the indivi
dual on the right sports a white hoodie adorne
d with blue and red stripes, holding a festive ¢
upl decorated with holida'y—theme designs ...

VACE-O2 VACE-O1

Ours

On a cloudy day at a racetrack, a sleeck white H
onda race car adorned with red and black accent
s speeds along a curving track bordered by red a
nd white barriers. The driver, visible through th
e windshield, wears a helmet with a yellow viso
1, gripping the steering wheel tightly as they na
7 vigate the turn. The car’s aerodynamic design...

Ours MAGREF-02 MAGREF-O1

Figure 6: Qualitative comparison on permutation-variant scenarios. In the left case, other methods fail to maintain the correct
representation of the cup when the input order changes, while our approach preserves it faithfully. In the right case, changing
the input order causes other methods to generate a race car moving backwards, violating physical plausibility, whereas our
method consistently produces videos with correct orientation and motion.

covering visual quality, subject fidelity, temporal stability,
and scale consistency: Aesthetics (Schuhmann and contrib-
utors 2025), FaceSim (Deng et al. 2019), GmeScore, Mo-
tion Score, ScaleScore, and SubjectSim. Aesthetics evalu-
ates perceptual quality, FaceSim and SubjectSim measure
identity preservation, GmeScore quantifies text-video align-
ment, Motion Score assesses temporal coherence, and Scale-
Score evaluates relative subject scales against prompt de-
scriptions. Detailed definitions and implementations are pro-
vided in the Appendix.

Training Strategies. We train our model using the
AdamW optimizer, configured with 5; = 0.9, 82 = 0.999,
and a weight decay of 0.01. The learning rate is initialized at

1 x 1072 and follows a cosine annealing schedule with pe-
riodic restarts. Model training is conducted on 16 NVIDIA
H800 GPUs for 7 days. Input videos are processed at a res-
olution of 480P, with a sequence length of 81 frames.

Qualitative Analysis

Fig. 4 presents qualitative results of MoFu, showing its abil-
ity to generate high-quality videos that align with prompts
while maintaining natural scales and stability across ref-
erence permutations. In single- and multi-subject cases
(1-4), MoFu preserves subject identity and consistent scales
even under challenging settings, while Case 5 demonstrates
its robustness to scale discrepancies in reference images.
As shown in Fig. 5 and Fig. 6, MoFu surpasses prior
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Method | Aestheticst FaceSim? GmeScoret Motion<> ScaleScoref SubjectSim?
Phantom (Liu et al. 2025) 0.355 0.375 0.706 0.229 0.536 0.748
SkyReels-A2 (Fei et al. 2025) 0.286 0.341 0.691 0.233 0.527 0.737
VACE (Jiang et al. 2025) 0.392 0.247 0.732 0.214 0.547 0.692
MAGREF (Deng et al. 2025b) 0.369 0.362 0.717 0.207 0.511 0.731
MoFu | 0.401 0.396 0.745 0.221 0.585 0.755

Table 1: Quantitative comparison on MoFu-Bench. The best scores are bolded, while the second-best is underlined.

An elephant standing on a grassy field n

m /@ ext to a sparrow perched on the tree bran
) ch.

w/o Scale-Aware Modulation

In a warmly lit indoor setting adorned for Christmas, a y|
oung girl with long, wavy brown hair styled with a delic
ate white bow stands in front of a beautifully decorated
Christmas tree. She is dressed in an elegant cream ...

w/o Fourier Fusion

Wy WAREERTY,

Figure 7: Ablation studies on MoFu. Left: Without SMO, the relative scale between the elephant and sparrow becomes unreal-
istic. With SMO, the natural size relationship is preserved. Right: Without Fourier Fusion, the model is sensitive to the order
and may drop subjects. With Fourier Fusion, MoFu consistently generates all subjects regardless of reference permutations.

methods in both scale-inconsistent and permutation-variant
scenarios, accurately preserving relative object sizes and
spatial relations (e.g., bowl-truck, cup—car) with realistic
motion patterns. Overall, MoFu achieves prompt-faithful,
scale-consistent, and permutation-invariant video generation
across diverse multi-subject scenes.

Quantitative Results

As shown in Tab. 1, MoFu achieves state-of-the-art per-
formance across nearly all metrics on MoFu-Bench. It at-
tains the highest Aesthetics and FaceSim scores, produc-
ing visually appealing videos with strong identity preserva-
tion. Although I12V-based methods such as MAGREF per-
form well on FaceSim and SubjectSim due to strong ref-
erence conditioning, their scale inconsistency limits overall
quality. MoFu also leads on GmeScore, reflecting superior
text—video alignment, and achieves balanced Motion results
by maintaining temporal coherence without sacrificing fi-
delity. Moreover, it yields substantial gains on ScaleScore
and SubjectSim, demonstrating robust scale consistency and
subject stability across permutations.

Ablation studies

Effect of SMO and Fourier Fusion. We ablate SMO and
Fourier Fusion to assess their contributions as shown in
Fig. 7. Without SMO, the model fails to maintain natu-
ral relative scales. For example, the sparrow appears dis-
proportionately large compared to the elephant. Incorporat-
ing SMO explicitly encodes scale cues from the prompt,

preserving realistic proportions. Removing Fourier Fusion
makes the model sensitive to reference order, causing miss-
ing subjects, like the wooden box in the case, under permu-
tation. Fourier Fusion eliminates this sensitivity, producing
consistent and complete outputs regardless of permutations.

Scale-Permutation Stability Loss. SPSL consists of a
scale loss and a permutation loss. We do not provide ab-
lations of these two components in Fig. 7 because SMO and
FF strategy are supervised respectively by the scale and per-
mutation information provided by this loss. Removing the
loss while training SMO or FF independently would render
the comparison meaningless, as these modules would lack
the necessary supervision signals. Therefore, we omit abla-
tions on the Scale-Permutation Stability Loss.

Conclusion

We proposed MoFu, a unified framework that addresses
scale inconsistency and permutation sensitivity in multi-
subject video generation. By introducing Scale- Aware Mod-
ulation and the Fourier Fusion strategy, MoFu explicitly en-
forces natural subject scales and permutation-invariant con-
ditioning. Besides, we build MoFu-1M for training, and es-
tablish a dedicated benchmark MoFu-Bench for assessing
scale consistency and permutation-invariance.
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