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Comp-Attn: Present-and-Align Attention for Compositional Video Generation

Anonymous Authors1

Figure 1. We propose Comp-Attn, a novel ”Present-and-Align” paradigm for compositional T2V generation. (a) Qualitative
comparison, where Comp-Attn effectively addresses both subject presence and inter-subject relation challenges. (b) Quantitative
comparison, where Comp-Attn achieves significant performance improvement on T2V-CompBench with good efficiency. (c) Motivation
overview, Comp-Attn injects composition awareness into the condition and attention distribution of the cross-attention layer.

Abstract

In the domain of text-to-video (T2V) genera-
tion, reliably synthesizing compositional con-
tent involving multiple subjects with intricate
relations is still underexplored. The main chal-
lenges are twofold: 1) Subject presence, where
not all subjects can be presented in the video;
2) Inter-subject relations, where the interaction
and spatial relationship between subjects are mis-
aligned. Existing methods adopt techniques, such
as inference-time latent optimization or layout

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

control, which fail to address both issues simul-
taneously. To tackle these problems, we pro-
pose Comp-Attn, a composition-aware cross-
attention variant that follows a “Present-and-
Align” paradigm: it decouples the two chal-
lenges by enforcing subject presence at the con-
dition level and achieving relational alignment
at the attention-distribution level. Specifically,
1) We introduce Subject-aware Condition Inter-
polation (SCI) to reinforce subject-specific con-
ditions and ensure each subject’s presence; 2)
We propose Layout-forcing Attention Modulation
(LAM), which dynamically enforces the attention
distribution to align with the relational layout of
multiple subjects. Comp-Attn can be seamlessly
integrated into various T2V baselines in a training-
free manner, boosting T2V-CompBench scores
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by 15.7% and 11.7% on Wan2.1-T2V-14B and
Wan2.2-T2V-A14B with only a 5% increase in in-
ference time. Meanwhile, it also achieves strong
performance on VBench and T2I-CompBench,
demonstrating its scalability in general T2V and
compositional text-to-image (T2I) tasks.

1. Introduction
Recent text-to-video (T2V) generation has achieved signifi-
cant breakthroughs, driven by the scaling of data and model
sizes (Yu et al., 2022; Esser et al., 2024; Yuan et al., 2024b;
2025; Hong et al., 2022; Wang et al., 2024a) as well as
the development of novel network architectures (gen, 2024;
Pik, 2023; OpenAI, 2023; dre, 2024; Dre, 2024; Li et al.,
2024b). These advancements are propelling the field toward
a new era of high-quality visual content synthesis (Yuan
et al., 2024a; Lin et al., 2024; HaCohen et al., 2024; Yang
et al., 2024; Kong et al., 2024a). However, existing models
consistently struggle to process prompts involving compo-
sitional semantics, especially those with multiple subjects
and intricate inter-subject relations.

The challenges are twofold: 1) Subject presence, where
not all subjects mentioned in the prompt are accurately
represented; 2) Inter-subject relations, where the interac-
tions and spatial relationships between subjects are often
misaligned. These issues lead to subject omission, spatial in-
consistencies, and semantic leakage, making compositional
T2V generation persistently challenging (Sun et al., 2025).

Existing compositional generation approaches can be
broadly categorized into two families: 1) Layout control
methods, which utilize object layouts to ensure spatial
relationship alignment through masked attention mecha-
nisms (Tian et al., 2024; Wang et al., 2024b; Feng et al.,
2025b; Lian et al., 2024); and (2) Inference-time optimiza-
tion methods, which perform gradient optimization on vi-
sual contents to improve subject presence and adherence to
prompts (Chefer et al., 2023; Yang & Wang, 2024). How-
ever, the design principles of both methods fall short in si-
multaneously addressing subject presence and inter-subject
relations as illustrated in Figure (a). First, prompts describ-
ing multi-entity scenes might introduce semantic interfer-
ence during conditioning, attenuating the embeddings of
individual subjects (Rassin et al., 2023; Hu et al., 2025).
Consequently, layout-control methods that rely solely on
attention control can not reliably guarantee subject presence.
Second, while inference-time optimization improves equal
presence of subjects, the lack of explicit spatial guidance
still leads to misaligned inter-subject relations.

To address this, we need to fulfill both challenges simulta-
neously. The cross-attention layer in diffusion model serves
as the interface for injecting guidance semantics, its two

key elements are textual conditioning and video-text atten-
tion distribution. Specifically, the textual condition deter-
mines which subjects are presented in the video, while the
video-text attention distribution directly affects the spatial
locations and relations of the subjects. Thus, can we reengi-
neer these two elements to achieve subject presence and
accurate inter-subject relations in a training-free manner?

Guided by the insights, we propose Comp-Attn, a
composition-aware cross-attention variant built on a
“Present-and-Align” paradigm. It tackles the two chal-
lenges in a decoupled manner by enforcing subject presence
at the conditioning stage and ensuring relational alignment
at the attention distribution level. During the conditioning
stage, we propose Subject-aware Condition Interpolation
(SCI) to amplify the presence of each subject. It first esti-
mates the semantic saliency of each subject token within the
prompt context to identify potentially suppressed subjects,
and then adaptively interpolates subject-specific original
semantics based on the saliency scores. At the attention
distribution level, we introduce Layout-forcing Attention
Modulation (LAM) to achieve accurate inter-subject rela-
tions. In contrast to previous approaches (Tian et al., 2024;
Wang et al., 2024b) that impose rigid attention constraints
via predefined bounding box (bbox) masks, LAM leverages
dynamic attention modulation with intersection over union
(IOU) guidance to spatially align the attention distribution
of video and subject tokens with the LLM-planned layout,
which ensures both accurate spatial relationships and flexi-
bility for diverse subject shapes. Overall, our contributions
are summarized as follows:

• We propose Comp-Attn, a novel “Present-and-Align”
paradigm to simultaneously ensure subject presence
and inter-subject relations for compositional T2V.

• We instantiate the “Present-and-Align” paradigm with
two key modules: (1) Subject-aware Condition Interpo-
lation (SCI), which enhances subject-level semantics
during conditioning, thereby ensuring the presence of
each subject; (2) Layout-forcing Attention Modulation
(LAM), which aligns inter-subject relations by spa-
tially attuning video-subject attention distribution to
the planned layout.

• Comp-Attn can be seamlessly integrated into ex-
isting frameworks such as Wan (Wang et al.,
2025), CogVideoX (Yang et al., 2024), and
VideoCrafter2 (Chen et al., 2024b), significantly boost-
ing compositional generation capability with minimal
additional inference overhead. We also demonstrate
the broader applications of Comp-Attn, including com-
positional text-to-image (T2I).
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Figure 2. Detailed Architecture of Comp-Attn. Comp-Attn enhances compositional T2V performance at the cross-attention layer
through a “Present-and-Align” paradigm. (1) Subject-aware Condition Interpolation (SCI) reinforces subject-specific semantics during
conditioning, ensuring the presence of each subject. (2) Layout-forcing Attention Modulation (LAM) aligns fine-grained inter-subject
relationships by modulating attention distributions.

2. Related Work
Text-to-video generation. Early methods (Zer, 2023;
Blattmann et al., 2023; Wang et al., 2023; Khachatryan
et al., 2023; Chen et al., 2024b), such as MagicTime (Yuan
et al., 2024b; 2025) and AnimateDiff (Guo et al., 2024),
integrating temporal modules into the 2D U-Net architec-
ture (Ronneberger et al., 2015), thereby seamlessly extend-
ing image generation models to video generation models.
Later works, including OpenSora Plan (Lin et al., 2024),
CogVideoX (Yang et al., 2024), LTX-Video (HaCohen et al.,
2024), HunyuanVideo (Kong et al., 2024b) and Wan (Wang
et al., 2025), incorporate a 3D full-attention mechanism,
recognized for its superior scalability (OpenAI, 2023). This
advantage significantly enhances model’s ability to cap-
ture dynamics in video data, driving rapid progress in T2V
(Yuan et al., 2024a; Li et al., 2024b; Chen et al., 2024c;
Cai et al., 2024; Zhang et al., 2024; Xue et al., 2024; Feng
et al., 2025a). More recently, several studies have integrated
diffusion with autoregressive modeling (Chen et al., 2024a;
Huang et al., 2025b), which further improves visual qual-
ity and video length (Chen et al., 2025; Teng et al., 2025).
However, these foundation models still struggle with com-
positional prompts, frequently leading to issues like subject
omission and misaligned relations.

Compositional visual generation. Recent efforts to im-
prove compositionality in visual generation primarily fall
into two categories. (1) One line of work focuses on layout-

based methods, which introduce explicit layout priors to re-
arrange the location of subjects using masked or structured
attention mechanisms (Lin et al., 2023; Nie et al., 2024;
Huang et al., 2024a). While effective in enforcing inter-
subject relation constraints, these methods still struggle to
ensure the presence of every subject because the semantics
of some subjects might have been suppressed during the
conditioning phase (Hu et al., 2025), making them difficult
to response through attention constraints (Lian et al., 2024;
Feng et al., 2025a). Moreover, rigid alignment with the
layout may constrain the appearance diversity of individ-
ual subjects (Tian et al., 2024; Wang et al., 2024b). (2)
Another line of work explores inference-time optimization
strategies to improve subject presence. These methods typ-
ically perform test-time latent optimization (Chefer et al.,
2023; Hu et al., 2025; Yang & Wang, 2024) by iteratively
updating intermediate features using gradients derived from
cross-attention maps, thereby ensuring equal presence for
all subjects. However, the inter-subject relations are still
hard to align as spatial guidance is not explicitly injected.
Moreover, this paradigm significantly increases inference
time, limiting its practical utility.

3. Method
3.1. Overall Framework of Comp-Attn

As illustrated in Figure 2, Comp-Attn is a plug-and-play,
composition-aware alternative to the cross-attention mecha-
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nism. It follows the ”Present-and-Align” paradigm, where
SCI module is introduced to enhance subject-specific condi-
tions and ensure the presence of each subject, while LAM
module dynamically adjusts the attention distribution to
align with the relational LLM layout of multiple subjects.
We use GPT-4o-mini (OpenAI, 2024) for efficient subject
parsing and layout planning. For simplicity, we only demon-
strate the diffusion transformer (DiT) architecture based on
cross-attention (Wang et al., 2025). Applying Comp-Attn
to the foundation model of the MM-DiT (Yang et al., 2024)
and U-Net (Chen et al., 2024b) architecture follows a similar
process (Appendix. A).

3.2. Subject-aware Condition Interpolation

Prior studies (Hu et al., 2025; Rassin et al., 2023; Wei et al.,
2024) have demonstrated that when prompts contain multi-
ple concepts, the semantic condition of individual subject
might be disturbed by other subjects, which leads to subject
omission and information leakage. Meanwhile, if the seman-
tic condition of the specific subject is salient, it will exhibit
strong and structured attention responses in the video (Hel-
bling et al., 2025). As shown in the top row of Figure 3,
we observe that the attention response for the subject ”El-
liptical mirror” in the video is weak, while the response
for ”Square window” is excessively strong. This further
indicates that the semantic information of certain subjects is
being suppressed, failing to ensure its proper presence.

To address this issue, we propose SCI to reinforce the seman-
tic saliency of each subject, ensuring the faithful presence of
every subject in the prompt. The underlying idea is intuitive:
we aim to adaptively preserve the original semantics of each
subject while minimizing the risk of excessive blending with
the semantics of other subjects. Specifically, SCI begins
with Subject Encoding to extract the original semantic em-
bedding of each subject. Next, it performs Subject Saliency
Estimation to compute saliency scores, which are then used
to dynamically perform Saliency-weighted Interpolation for
each subject. This design effectively restores the original
semantics of each subject while preserving their semantic
coherence within the context.

Subject Encoding. For a prompt S containing M sub-
jects [Si]

M
i=1 = [S1,S2...,SM ], we first obtain the prompt

embedding P = F(S), where F(·) represents the text en-
coder. Then the corresponding subject tokens within the
context are [Pi]

M
i=1 = [P1,P2...,PM ]. Following this, we

independently encode each subject without prompt con-
text to obtain the subject anchor embeddings [Ai]

M
i=1 =

[F(S1),F(S2)...,F(SM )], which is considered to contain
the pure and original semantics of each subject. As each sub-
ject is typically represented by multiple text tokens, we com-
pute the average pooled embeddings [Pi]

M
i=1 and [Ai]

M
i=1 to

capture their global semantic representations.

Subject Saliency Estimation. For a given subject k, we
calculate how much of its original semantic information
is retained and how much is mixed with the semantics of
other subjects. We refer to this as Subject Saliency, which
are quantified as the degree to which Pk moves away from
[Ai]

M
i=1 (where i ̸= k) and closer to Ak in the semantic

condition space:

sk =

∑M
i=1 1[i=k] exp

(
cos

(
Pk,Ai

)
/τ

)∑M
i=1 exp

(
cos

(
Pk,Ai

)
/τ

) . (1)

where sk denotes the subject saliency score for subject k and
τ indicates the temperature factor which is experimentally
set to 0.2. A higher saliency sk indicates that subject k
remains closer to its original semantic representation in the
feature space while being less affected by interference from
other subjects. Similarly, subject saliency scores for all
subjects can be represented as [si]Mi=1.
Saliency-weighted Interpolation. Inspired by the seman-
tic additivity of text embeddings (Hu et al., 2025; Brack
et al., 2023), we can manipulate each subject’s representa-
tion in the feature space to diverge from the semantics of
other subjects while converging toward its own semantic
essence. As illustrated in Figure 2(a), we can then utilize
[Ai]

M
i=1 to define the saliency restoration vector ∆Ak

for
subject k, which represents the direction for both eliminat-
ing semantic confusion from other subjects and reinforcing
the subject k’s own semantics:

∆Ak
=

M∑
i=1

1[i̸=k](Ak −Ai). (2)

The saliency restoration vectors for all the subjects [∆Ai
]Mi=1

can be obtained in a similar manner. After that, we can in-
terpolate [∆Ai

]Mi=1 into the original embeddings [Pi]
M
i=1

according to the subject saliency scores [si]Mi=1. However,
determining the appropriate interpolation strength should
also consider the specific denoising time step. Since the
early stages of denoising require clearer semantics to capture
the basic layout and shape of each subject, while the later
stages of denoising focus more on leveraging the context
to capture high-level details. To achieve this, we addition-
ally incorporate a time-aware strength attenuated function
ω(t) = 1− t

T to formulate the final interpolation process:

P ∗
i = Pi ⊕ (ω(t) · (1− si) ·∆Ai

). (3)

where P ∗
i indicates the interpolated subject embeddings,

and ⊕ refers to the broadcasting, respectively. Finally,
[Pi]

M
i=1 is replaced by [P ∗

i ]
M
i=1 to obtain the subject-aware

condition.

After incorporating SCI, the generated content can accu-
rately present all subjects in the prompt, while demonstrat-
ing strong and structured correlations in the cross-attention
maps as presented in the lower row of Figure 3.
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Figure 3. Attention response analysis. At the 10% timestep,
attention scores are averaged across heads. The attention response
for ”Elliptical mirror” is weak, while that for ”Square window” is
overly strong, leading to subject absence with Wan2.2-A14B. SCI
balances attention responses by restoring the original semantics of
subjects, ensuring the presence of each subject.

3.3. Layout-forcing Attention Modulation

We further propose LAM to align inter-subject relations
(e.g., interactions and spatial locations). Unlike previous
methods that use hard-masked attention (Tian et al., 2024;
Feng et al., 2025a) and time-consuming test-time optimiza-
tion (Lian et al., 2024; Wang et al., 2024b), LAM adopts
an efficient and soft IOU-guided attention modulation to
encourage the attention distribution to align with the LLM-
planned layout. Specifically, LAM first conducts Relational
Layout Generation, which includes the generation of a LLM-
planned layout and a adaptive-perception layout. Then,
LAM calculates the IOU between the two layouts and uses
it as the guiding strength for executing attention modulation.

LLM-planned Layout Generation. Given M subjects
specified in the prompt, we utilize LLM (OpenAI, 2024)
to automatically generate binary layouts for each sub-
ject Lprior = {L1,L2, ...,LM}, where Li ∈ RNvideo×1,
Nvideo = T × H × W indicates the flattened sequence
layout. More details can be found in Appendix D.

Adaptive-perception Layout Generation. The adaptive-
perception layout is constructed by leveraging the cross-
attention map corresponding to each subject. Specifically,
given the query matrix of video tokens Q ∈ RNvideo×d and
the key matrix of text tokens K ∈ RNtext×d, the semantic
map Attnk ∈ RNvideo×1 associated with the subject k is
formulated as:

Attnk = Avg
(
Ik

(
QK⊤
√
d

))
, (4)

where Ik(·) indexes the attention weights corresponding
to the subject k, and the operation Avg(·) computes the
mean across the selected attention scores. We further adopt
the mean thresholding method in (Helbling et al., 2025) to
obtain the adaptive-perception layout Ladapt

k ∈ RNvideo×1

for subject k:

Ladapt
k = δ

(
Attnk ≥ Mean(Attnk)

)
, (5)

where δ(·) represents the threshold function. Similarly,
we obtain the layouts for other subjects: Ladapt =
{Ladapt

1 ,Ladapt
2 , ...,Ladapt

M }.

IOU-guided Attention Modulation. We achieve the dy-
namic alignment of attention distribution with the LLM-
planned layout through attention bias modulation, which
can be formulated as:

Attnmod = softmax
(
QK⊤ +

∑M
k=1 Lk ⊙Biask√

d

)
,

(6)
Biask = Gk(Q,K)⊙Ek(Q,K), (7)

where Gk(Q,K) determines whether to increase or de-
crease attention, and Ek(Q,K) controls the strength of the
modulation.

The core idea of Gk(Q,K) is to enhance the interaction
between the layout region of subject k and its corresponding
text tokens, while simultaneously weakening the interac-
tions with text tokens of other subjects, which is conducted
by:

g+
i = max(QK⊤)−QK⊤, (8)

g-
i = min(QK⊤)−QK⊤, (9)

Gk(Q,K)[x, y] =


g+
i [x, y], if y ∈ Sk,

g-
i[x, y], if y ∈ Sl, k ̸= l

0, otherwise,
(10)

where g+
i and g-

i denote the positive term applied to subject k
and the negative term applied to other subjects, respectively.
[x, y] specifies the indices of the attention matrix.

We then determine the modulation strength through
Ek(Q,K). Instead of simply relying on timesteps or object
sizes (Kim et al., 2023), we adopt a more flexible approach
that adjusts the modulation based on the IoU between the
current attention distribution mask Ladapt

k and the planned
layout Lk:

IoUk =

∑N
i=1 min(Ladapt

k [i],Lk[i])∑N
i=1 max(Ladapt

k [i],Lk[i])
, (11)

Ek(Q,K) = 1− IoUk. (12)

This approach establishes a flexible feedback mechanism,
allowing the model to balance original attention and layout-
region attention, avoiding excessive modulation that may
reduce content diversity.

As shown in Figure 4, LAM spatially aligns attention dis-
tribution with multiple subjects while maintaining visual
quality, further demonstrating the effectiveness of our ap-
proach in ensuring inter-subject relationships.
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Table 1. Quantitative comparison results. Best/2nd best scores are bolded/underlined. † indicates commercial models.

Model Con-attr Dyn-attr Spatial Motion Action Interact Num Avg

Gen-3 † (gen, 2024) 0.5980 0.0687 0.5194 0.2754 0.5233 0.5906 0.2306 0.4008
Dreamina † 1.2 (Dre, 2024) 0.6913 0.0051 0.5773 0.2361 0.5924 0.6824 0.4380 0.4604
Kling-1.0 † (Kling, 2024) 0.6931 0.0098 0.5690 0.2562 0.5787 0.7128 0.4413 0.4658
T2V-Turbo-V2 (Wang et al., 2023) 0.6723 0.0127 0.5025 0.2556 0.6087 0.6439 0.3261 0.4317
Open-Sora 1.2 (Zheng et al., 2024) 0.5639 0.0189 0.5063 0.2468 0.4833 0.5039 0.3719 0.3850
VideoTetris (Tian et al., 2024) 0.6211 0.0104 0.4832 0.2249 0.4939 0.6578 0.3467 0.4054
MAGI-1-24B 0.7942 0.0419 0.5918 0.3259 0.7061 0.7365 0.4486 0.5207
SkyReels-v2-13B 0.8339 0.0628 0.6325 0.3467 0.7422 0.7502 0.4218 0.5414
VideoCrafter2 (Chen et al., 2024b) 0.6182 0.0103 0.4838 0.2259 0.5030 0.6365 0.3330 0.4015
+ LVD (Lian et al., 2024) 0.6628 0.0097 0.5487 0.2627 0.5637 0.6713 0.3561 0.4393
+ ViCo (Yang & Wang, 2024) 0.6539 0.0186 0.5120 0.2154 0.5481 0.6957 0.3618 0.4294
+ Ours 0.7036 0.0229 0.5718 0.2519 0.5809 0.7296 0.3652 0.4608
∆-Baseline +14.25% +122.3% +18.19% +11.51% +15.49% +14.63 +9.67% +14.77%
CogVideoX-5B (Yang et al., 2024) 0.6164 0.0219 0.5172 0.2658 0.5333 0.6069 0.3706 0.4189
+ LVD (Lian et al., 2024) 0.6976 0.0380 0.5906 0.3256 0.6402 0.6546 0.3867 0.4762
+ ViCo (Yang & Wang, 2024) 0.7048 0.0191 0.5450 0.2834 0.6039 0.6978 0.3952 0.4642
+ Ours 0.7839 0.0424 0.6362 0.4157 0.6824 0.7865 0.4606 0.5439
∆-Baseline +27.17% +93.61% +23.01% +56.40% +27.96% +29.59% +24.28% +29.84%
Wan2.1-14B (Wang et al., 2025) 0.8256 0.0751 0.6073 0.3062 0.7439 0.7144 0.4780 0.5358
+ LVD (Lian et al., 2024) 0.8432 0.0689 0.6425 0.3819 0.7602 0.7570 0.4867 0.5629
+ ViCo (Yang & Wang, 2024) 0.8125 0.0586 0.6294 0.3427 0.7930 0.7783 0.4708 0.5551
+ Ours 0.8614 0.0980 0.7205 0.4249 0.8344 0.8513 0.5508 0.6200
∆-Baseline +4.34% +30.49% +18.64% +38.77% +12.17% +19.16 +15.23% +15.71%
Wan2.2-A14B (Wang et al., 2025) 0.8394 0.1261 0.6618 0.3654 0.7526 0.7902 0.4839 0.5742
+ LVD (Lian et al., 2024) 0.8431 0.1421 0.6973 0.3958 0.8039 0.8224 0.4870 0.5988
+ ViCo (Yang & Wang, 2024) 0.8539 0.0927 0.6725 0.3761 0.7950 0.8306 0.5031 0.5891
+ Ours 0.8726 0.1315 0.7244 0.4708 0.8539 0.8598 0.5769 0.6414
∆-Baseline +3.96% +4.28% +9.46% +28.84% +13.46% +8.81% +19.22% +11.70%

Figure 4. Attention distribution analysis. The incorrect spatial
attention distribution in Wan2.2-A14B causes positional errors,
while LAM adjusts it to accurately reflect inter-subject relation-
ships. The colored boxes represent the LLM layout.

4. Experiment
4.1. Experimental Setups

Implementation Details. We seamlessly incorporate
Comp-Attn into four representative video generation mod-
els: (1) Wan2.1 and Wan2.2 (Wang et al., 2025), which
utilize a DiT-based framework with cross-attention for in-
tegrating text features; (2) CogVideoX (Yang et al., 2024),
which employs a MM-DiT architecture; (3) VideoCrafter2
(Chen et al., 2024b), built on a UNet-style backbone. We fur-
ther apply Comp-Attn to FLUX (flu, 2024) to demonstrate
its generalizability in T2I tasks. Comp-Attn is applied dur-

ing the first 20% of the denoising timesteps for all models.
We use the GPT-4o-mini (OpenAI, 2024) API to generate
planned layouts, each taking around 5 seconds to response
(Appendix D). All videos are generated on NVIDIA H100
GPUs. More details can be found in Appendix A.

Benchmark and Evaluation Metrics. We employ T2V-
CompBench (Sun et al., 2025) and VBench (Huang et al.,
2024b) for evaluation. T2V-CompBench is a large-scale
benchmark designed to evaluate compositional T2V perfor-
mance across seven dimensions: consistent attribute binding,
dynamic attributes, spatial relationships, motion binding,
action binding, object interactions, and generative numer-
acy. Each dimension includes 200 prompts. VBench is
used as a supplementary benchmark to verify whether the
model can balance generation performance in terms of both
general video quality and semantics. It consists of 16 di-
mensions, each with approximately 100 prompts, which can
be grouped into two major categories: quality and seman-
tics. We additionally employ T2I-CompBench (Huang et al.,
2025a) to evaluate the performance of extending Comp-Attn
to compositional T2I tasks.

Evaluated Models. We compare our approach against
two groups of baseline models: (1) Basic T2V founda-
tion models, which include Gen-3 (gen, 2024), Dream-
ina1.2 (Dre, 2024), Open-Sora1.2 (Zheng et al., 2024),
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Table 2. Quantitative comparison on VBench.

Method Wan2.2-A14B CogVideoX-5B

Total Quality Semantic Total Quality Semantic

Baseline 0.8518 0.8603 0.8176 0.8201 0.8272 0.7917
+ ViCo (Yang & Wang, 2024) 0.8297 0.8310 0.8245 0.8113 0.8125 0.8064
+ LVD (Lian et al., 2024) 0.8360 0.8370 0.8319 0.8055 0.8030 0.8153
+ Ours 0.8574 0.8628 0.8357 0.8304 0.8329 0.8205
∆-Baseline +0.66% +0.29% +2.21% +1.26% +0.69% +3.64%

T2V-Turbo-v2 (Li et al., 2024a), and SkyReels-v2 (Chen
et al., 2025); (2) Compositional T2V models, which include
layout control methods such as LVD (Lian et al., 2024),
VideoTetris (Tian et al., 2024), and the inference-time opti-
mization technique Vico (Yang & Wang, 2024). We repro-
duce LVD and Vico, which do not require training data, on
each baseline foundation model to ensure a fair comparison.
We present the implementation details in Appendix B.

Table 3. Quantitative results on T2I-CompBench.

Method Spatial Color Shape Texture Numeracy Avg
FLUX 0.2863 0.7407 0.5718 0.6922 0.6185 0.5819
+SiamLayout (Zhang et al., 2025) 0.3835 0.7503 0.5304 0.6035 0.5467 0.5629
+HybridLayout (Wu et al., 2025) 0.3208 0.7960 0.5870 0.6882 0.6274 0.6039
+ Ours 0.3642 0.7714 0.6021 0.7056 0.6221 0.6131
∆-Baseline +27.21% +4.14% +5.30% +1.94% +0.58% +5.36%

Table 4. Inference latency comparison on a single H100 GPU.

Model Wan2.2-A14B + LVD + ViCo + Ours
Latency (s) 411 686 798 432

4.2. Quantitative Comparisons

Compositional T2V Evaluation. As shown in Table 1,
Comp-Attn has achieved significant performance improve-
ments of 14.77%, 29.84%, 15.71%, and 11.70% on the base-
line models VideoCrafter2, CogVideoX-5B, Wan2.1-14B,
and Wan2.2-A14B, respectively. Moreover, it outperforms
compositional T2V methods such as Vico and LVD across
all baseline models. Notably, CompAttn achieved its most
significant gains on metrics demanding subject presence
and inter-subject relations (e.g., spatial relationship and in-
teraction), with improvements of 23.01% and 29.59% on
CogVideoX, and 18.64% and 19.16% on Wan2.1-14B. This
result solidly validates the effectiveness of the “Present-and-
Align” paradigm.
Compositional T2I Evaluation. Table 3 indicates that
applying Comp-Attn to FLUX enhances its compositional
image generation capability, achieving a 5.36% average
improvement on T2I-CompBench. Notably, it also outper-
forms state-of-the-art training-based methods, SiamsLay-
out (Zhang et al., 2025) and HybridLayout (Wu et al., 2025).
This strongly validates Comp-Attn’s extensibility to broader
visual generation tasks.
General T2V Evaluation. We investigate whether Comp-
Attn impacts general video generation quality. Table 2
shows that our method significantly improves the VBench
semantic score, benefiting conventional video generation

by handling complex semantics (e.g., multiple objects and
spatial relations). At the same time, Comp-Attn maintains
baseline performance on the quality score, demonstrating its
ability to inject composition-awareness without compromis-
ing the foundation model’s core representation. In contrast,
models like LVD and Vico show a noticeable drop in quality
score, likely due to train-test gaps introduced by latent op-
timization, which interfere with the baseline models’ core
capabilities.

Inference Time Analysis. To assess inference efficiency,
we evaluate Comp-Attn against other models by generating
videos with a resolution of 81×480×832. The comparison
leverages the average inference latency in T2V-CompBench,
which incorporates the overhead of calling the GPT-4o-mini
API. Table 4 highlights that Comp-Attn achieves a mere
5.1% increase in inference time compared to the baseline
model Wan2.2-A14B while delivering substantially better
performance than methods such as LVD and ViCo.

4.3. Qualitative Comparisons

Figure 5 demonstrates the advantages of our method in gen-
erating complex compositional content. Comp-Attn faith-
fully represents each subject in the prompt and correctly
reflects the spatial relationships and motion directions be-
tween the subjects. For instance, in the example on the
left of Figure 5, the red car and the cyclist are consistently
present in every frame, with their relative positions and
motion directions accurately aligned. Similarly, the ex-
ample on the right of Figure 5 illustrates that our method
is the only one capable of accurately depicting three sub-
jects while capturing the fine-grained relationships among
them. These results fully demonstrate the effectiveness of
the Present-and-Align paradigm of Comp-Attn compared to
other compositional paradigms like LVD and ViCo. Addi-
tional qualitative results are included in the Appendix E.

Table 5. Ablation study of SCI and LAM modules.

Method Con-attr Spatial Interact Action Time
CogvideoX-5B 0.6164 0.5172 0.6069 0.5333 93s
w/ SCI 0.7182 0.5807 0.7124 0.6122 95s
w/ LAM 0.7346 0.6040 0.7396 0.6361 104s
w/ SCI & LAM 0.7839 0.6362 0.7865 0.6824 106s
Wan2.2-A14B 0.8394 0.6618 0.7902 0.7526 411s
w/ SCI 0.8613 0.6840 0.8357 0.8022 413s
w/ LAM 0.8595 0.7079 0.8296 0.8213 430s
w/ SCI & LAM 0.8726 0.7244 0.8598 0.8539 432s

4.4. Ablation Study

Ablation Results on SCI and LAM. Table 5 shows that
both core components of Comp-Attn contribute positively
to the final performance. Their synergy further enhances the
results, which is particularly evident in metrics such as “spa-
tial relationship” and “interaction,” where subject presence
and inter-subject relations are simultaneously emphasized.
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Figure 5. Qualitative comparison on generating compositional contents. Comp-Attn achieves superior performance in both subject
presence and inter-subject relations, surpassing other compositional generation paradigms as well as powerful video foundation models.

Table 6. Individual analysis on SCI and LAM modules.

Method Con-attr Spatial Interact Action Time
Wan2.2-A14B 0.8394 0.6618 0.7902 0.7526 411s

Subject presence
+ SEGA (Brack et al., 2023) 0.8539 0.6405 0.8081 0.7724 706s
+ ToMe (Hu et al., 2025) 0.8446 0.6673 0.8208 0.7652 744s
w/ SCI (Ours) 0.8613 0.6840 0.8357 0.8022 413s

Inter-subject relation
+ DreamRunner (Wang et al., 2024b) 0.8178 0.6906 0.8144 0.7930 472s
+ VideoGrain (Yang et al., 2025) 0.8261 0.6813 0.8350 0.8028 495s
+ LAM (Ours) 0.8595 0.7079 0.8296 0.8213 430s

Table 7. Ablation study on the IOU-guidance strategy in LAM.

Method Con-attr Spatial Interact Action Time
w/o IOU-guidance 0.8364 0.6928 0.7981 0.7850 428s
LAM (Ours) 0.8595 0.7079 0.8296 0.8213 430s

Individual analysis on LAM and SCI. Beyond Comp-
Attn’s overall gains, Table 6 compares SCI and LAM
with prior methods. For subject presence, SCI surpasses
ToMe (Hu et al., 2025) and SEGA (Brack et al., 2023) with
higher efficiency, suggesting that condition-level optimiza-
tion is gentle yet effective. For inter-subject relations, LAM
outperforms VideoGrain (Yang et al., 2025) and DreamRun-
ner (Wang et al., 2024b). This demonstrates that LAM’s
soft attention distribution adjustment mechanism is superior
to hard masked attention (Wang et al., 2024b). Additionally,
LAM’s IOU-guidance mechanism offers greater flexibility
and robustness compared to modulation intensity control
based on time steps (Yang et al., 2025).

Effect of IOU-guidance in LAM. Table 7 shows that
removing IoU-guidance from LAM significantly degrades
performance, underscoring the proposed IoU-guided atten-
tion modulation’s adaptability.

Effect of Subject Saliency Estimation in SCI. We fur-
ther discuss the role of subject saliency estimation in SCI.
Experiments in Appendix C show that replacing the subject
saliency score with constant interpolation coefficients leads
to significant performance drops. This further demonstrates
that subject saliency estimation adaptively restores original
semantics, preventing disruption of contextual semantics.

Robustness of LLM Layout planning. In Appendix F,
we discuss the error rate of LLM Layout Planning (less
than 5%), techniques to reduce it (to below 2%), and how
Comp-Attn handles situations when errors occur.

5. Conclusion
This paper presents Comp-Attn, a training-free and model-
agnostic framework for compositional T2V generation.
Based on the ”Present-and-Align” paradigm, it addresses
challenges of ”subject presence” and ”inter-subject rela-
tion” by injecting composition-awareness into the condi-
tioning process and attention distribution of cross-attention.
Specifically, 1) Subject-aware Condition Interpolation
(SCI) strengthens subject-specific conditions to ensure sub-
ject presence; 2) Layout-forcing Attention Modulation
(LAM) dynamically adjusts attention to align with relational
layouts. Seamlessly integrable with frameworks like Wan,
CogVideoX, and VideoCrafter2, Comp-Attn boosts perfor-
mance with minimal inference overhead. It also generalizes
to compositional T2I tasks, showcasing broad applicabil-
ity and adaptability. Comp-Attn provides an efficient and
robust solution for compositional visual generation.
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Impact Statement
This paper presents work aimed at advancing compositional
visual generation. There are many potential societal con-
sequences of our work, none of which we feel need to be
specifically highlighted here.
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Chen, B., Martı́ Monsó, D., Du, Y., Simchowitz, M.,
Tedrake, R., and Sitzmann, V. Diffusion forcing: Next-
token prediction meets full-sequence diffusion. Advances
in Neural Information Processing Systems, 37:24081–
24125, 2024a.

Chen, G., Lin, D., Yang, J., Lin, C., Zhu, J., Fan, M.,
Zhang, H., Chen, S., Chen, Z., Ma, C., et al. Skyreels-
v2: Infinite-length film generative model. arXiv preprint
arXiv:2504.13074, 2025.

Chen, H., Zhang, Y., Cun, X., Xia, M., Wang, X., Weng, C.,
and Shan, Y. Videocrafter2: Overcoming data limitations
for high-quality video diffusion models. arXiv preprint
arXiv:2401.09047, 2024b.

Chen, L., Li, Z., Lin, B., Zhu, B., Wang, Q., Yuan,
S., Zhou, X., Cheng, X., and Yuan, L. Od-vae: An
omni-dimensional video compressor for improving latent
video diffusion model. arXiv preprint arXiv:2409.01199,
2024c.

Esser, P., Kulal, S., Blattmann, A., Entezari, R., Müller,
J., Saini, H., Levi, Y., Lorenz, D., Sauer, A., Boesel, F.,
Podell, D., Dockhorn, T., English, Z., Lacey, K., Good-
win, A., Marek, Y., and Rombach, R. Scaling rectified
flow transformers for high-resolution image synthesis,
2024.

Feng, W., Liu, C., Liu, S., Wang, W. Y., Vahdat, A., and
Nie, W. Blobgen-vid: Compositional text-to-video gen-
eration with blob video representations. arXiv preprint
arXiv:2501.07647, 2025a.

Feng, W., Liu, C., Liu, S., Wang, W. Y., Vahdat, A., and
Nie, W. Blobgen-vid: compositional text-to-video gen-
eration with blob video representations. arXiv preprint
arXiv:2501.07647, 2025b.

GLM, T., Zeng, A., Xu, B., Wang, B., Zhang, C., Yin, D.,
Zhang, D., Rojas, D., Feng, G., Zhao, H., et al. Chatglm:
A family of large language models from glm-130b to
glm-4 all tools. arXiv preprint arXiv:2406.12793, 2024.

Guo, Y., Yang, C., Rao, A., Liang, Z., Wang, Y., Qiao, Y.,
Agrawala, M., Lin, D., and Dai, B. Animatediff: Animate
your personalized text-to-image diffusion models without
specific tuning. In The Twelfth International Conference
on Learning Representations, 2024.

HaCohen, Y., Chiprut, N., Brazowski, B., Shalem, D.,
Moshe, D., Richardson, E., Levin, E., Shiran, G., Zabari,
N., Gordon, O., et al. Ltx-video: Realtime video latent
diffusion. arXiv preprint arXiv:2501.00103, 2024.

Helbling, A., Meral, T. H. S., Hoover, B., Yanardag, P.,
and Chau, D. H. Conceptattention: Diffusion transform-
ers learn highly interpretable features. arXiv preprint
arXiv:2502.04320, 2025.

Hong, W., Ding, M., Zheng, W., Liu, X., and Tang, J.
Cogvideo: Large-scale pretraining for text-to-video gener-
ation via transformers. arXiv preprint arXiv:2205.15868,
2022.

Hu, T., Li, L., van de Weijer, J., Gao, H., Shahbaz Khan,
F., Yang, J., Cheng, M.-M., Wang, K., and Wang, Y.
Token merging for training-free semantic binding in text-
to-image synthesis. Advances in Neural Information Pro-
cessing Systems, 37:137646–137672, 2025.

9

https://www.pika.art/
https://huggingface.co/cerspense/zeroscope_v2_576w
https://huggingface.co/cerspense/zeroscope_v2_576w
https://dreamina.capcut.com/ai-tool/platform
https://dreamina.capcut.com/ai-tool/platform
https://lumalabs.ai/dream-machine
https://lumalabs.ai/dream-machine
https://github.com/black-forest-labs/flux
https://github.com/black-forest-labs/flux
https://runwayml.com/blog/introducing-gen-3-alpha/
https://runwayml.com/blog/introducing-gen-3-alpha/


495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549

Comp-Attn: Present-and-Align Attention for Compositional Video Generation

Huang, K., Huang, Y., Ning, X., Lin, Z., Wang, Y., and
Liu, X. Genmac: compositional text-to-video gener-
ation with multi-agent collaboration. arXiv preprint
arXiv:2412.04440, 2024a.

Huang, K., Duan, C., Sun, K., Xie, E., Li, Z., and Liu,
X. T2i-compbench++: An enhanced and comprehensive
benchmark for compositional text-to-image generation.
IEEE Transactions on Pattern Analysis and Machine In-
telligence, 2025a.

Huang, X., Li, Z., He, G., Zhou, M., and Shechtman, E.
Self forcing: Bridging the train-test gap in autoregressive
video diffusion. arXiv preprint arXiv:2506.08009, 2025b.

Huang, Z., He, Y., Yu, J., Zhang, F., Si, C., Jiang, Y., Zhang,
Y., Wu, T., Jin, Q., Chanpaisit, N., et al. Vbench: Compre-
hensive benchmark suite for video generative models. In
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 21807–21818, 2024b.

Khachatryan, L., Movsisyan, A., Tadevosyan, V., Henschel,
R., Wang, Z., Navasardyan, S., and Shi, H. Text2video-
zero: Text-to-image diffusion models are zero-shot video
generators. In ICCV, 2023.

Kim, Y., Lee, J., Kim, J.-H., Ha, J.-W., and Zhu, J.-Y. Dense
text-to-image generation with attention modulation. In
Proceedings of the IEEE/CVF International Conference
on Computer Vision, pp. 7701–7711, 2023.

Kling. Image to video elements feature, 2024. URL
https://klingai.com/image-to-video/
multi-id/new/. Accessed: 2025-02-26.

Kong, W., Tian, Q., Zhang, Z., Min, R., Dai, Z., Zhou, J.,
Xiong, J., Li, X., Wu, B., Zhang, J., et al. Hunyuan-
video: A systematic framework for large video generative
models. arXiv preprint arXiv:2412.03603, 2024a.

Kong, W., Tian, Q., Zhang, Z., Min, R., Dai, Z., Zhou, J.,
Xiong, J., Li, X., Wu, B., Zhang, J., et al. Hunyuan-
video: A systematic framework for large video generative
models. arXiv preprint arXiv:2412.03603, 2024b.

Li, J., Long, Q., Zheng, J., Gao, X., Piramuthu, R., Chen, W.,
and Wang, W. Y. T2v-turbo-v2: Enhancing video genera-
tion model post-training through data, reward, and condi-
tional guidance design. arXiv preprint arXiv:2410.05677,
2024a.

Li, Z., Lin, B., Ye, Y., Chen, L., Cheng, X., Yuan, S.,
and Yuan, L. Wf-vae: Enhancing video vae by wavelet-
driven energy flow for latent video diffusion model. arXiv
preprint arXiv:2411.17459, 2024b.

Lian, L., Shi, B., Yala, A., Darrell, T., and Li, B. Llm-
grounded video diffusion models. In ICLR, 2024.

Lin, B., Ge, Y., Cheng, X., Li, Z., Zhu, B., Wang, S.,
He, X., Ye, Y., Yuan, S., Chen, L., et al. Open-sora
plan: Open-source large video generation model. arXiv
preprint arXiv:2412.00131, 2024.

Lin, H., Zala, A., Cho, J., and Bansal, M. Videodirectorgpt:
Consistent multi-scene video generation via llm-guided
planning. arXiv preprint arXiv:2309.15091, 2023.

Nie, W., Liu, S., Mardani, M., Liu, C., Eckart, B.,
and Vahdat, A. Compositional text-to-image genera-
tion with dense blob representations. arXiv preprint
arXiv:2405.08246, 2024.

OpenAI. Video generation models as world sim-
ulators. https://openai.com/index/
video-generation-models-as-world-simulators/,
2023. Accessed: 2024-2.

OpenAI. Hello gpt-4o, 2024. URL https://openai.
com/index/hello-gpt-4o.

Radford, A., Kim, J. W., Hallacy, C., Ramesh, A., Goh, G.,
Agarwal, S., Sastry, G., Askell, A., Mishkin, P., Clark, J.,
et al. Learning transferable visual models from natural
language supervision. In International conference on
machine learning, pp. 8748–8763. PMLR, 2021.

Rassin, R., Hirsch, E., Glickman, D., Ravfogel, S., Gold-
berg, Y., and Chechik, G. Linguistic binding in diffusion
models: Enhancing attribute correspondence through at-
tention map alignment. Advances in Neural Information
Processing Systems, 36:3536–3559, 2023.

Ronneberger, O., Fischer, P., and Brox, T. U-net: Con-
volutional networks for biomedical image segmentation.
In Medical Image Computing and Computer-Assisted
Intervention–MICCAI 2015: 18th International Confer-
ence, Munich, Germany, October 5-9, 2015, Proceedings,
Part III 18, pp. 234–241. Springer, 2015.

Sun, K., Huang, K., Liu, X., Wu, Y., Xu, Z., Li, Z., and Liu,
X. T2v-compbench: A comprehensive benchmark for
compositional text-to-video generation. In Proceedings of
the Computer Vision and Pattern Recognition Conference,
pp. 8406–8416, 2025.

Teng, H., Jia, H., Sun, L., Li, L., Li, M., Tang, M., Han,
S., Zhang, T., Zhang, W., Luo, W., et al. Magi-1: Au-
toregressive video generation at scale. arXiv preprint
arXiv:2505.13211, 2025.

Tian, Y., Yang, L., Yang, H., Gao, Y., Deng, Y., Chen,
J., Wang, X., Yu, Z., Tao, X., Wan, P., Zhang, D., and
Cui, B. Videotetris: towards compositional text-to-video
generation. In NeurIPS, 2024.

10

https://klingai.com/image-to-video/multi-id/new/
https://klingai.com/image-to-video/multi-id/new/
https://openai.com/index/video-generation-models-as-world-simulators/
https://openai.com/index/video-generation-models-as-world-simulators/
https://openai.com/index/hello-gpt-4o
https://openai.com/index/hello-gpt-4o


550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604

Comp-Attn: Present-and-Align Attention for Compositional Video Generation

Wang, A., Ai, B., Wen, B., Mao, C., Xie, C.-W., Chen, D.,
Yu, F., Zhao, H., Yang, J., Zeng, J., et al. Wan: Open
and advanced large-scale video generative models. arXiv
preprint arXiv:2503.20314, 2025.

Wang, J., Yuan, H., Chen, D., Zhang, Y., Wang, X., and
Zhang, S. Modelscope text-to-video technical report.
arXiv preprint arXiv:2308.06571, 2023.

Wang, Y., Chen, X., Ma, X., Zhou, S., Huang, Z., Wang,
Y., Yang, C., He, Y., Yu, J., Yang, P., et al. Lavie: High-
quality video generation with cascaded latent diffusion
models. International Journal of Computer Vision, pp.
1–20, 2024a.

Wang, Z., Li, J., Lin, H., Yoon, J., and Bansal, M. Dream-
runner: Fine-grained storytelling video generation with
retrieval-augmented motion adaptation. arXiv preprint
arXiv:2411.16657, 2024b.

Wei, T., Chen, D., Zhou, Y., and Pan, X. Enhancing mmdit-
based text-to-image models for similar subject generation.
arXiv preprint arXiv:2411.18301, 2024.

Wu, K., Chen, J., Liang, Z., Wang, Y., Li, J., Zhang, C.,
Wang, B., and Yuan, Y. Hybrid layout control for diffu-
sion transformer: Fewer annotations, superior aesthetics.
In Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision, pp. 17930–17940, 2025.

Xue, J., Wang, H., Tian, Q., Ma, Y., Wang, A., Zhao, Z.,
Min, S., Zhao, W., Zhang, K., Shum, H.-Y., et al. Follow-
your-pose v2: Multiple-condition guided character im-
age animation for stable pose control. arXiv preprint
arXiv:2406.03035, 2024.

Yang, X. and Wang, X. Compositional video generation
as flow equalization. arXiv preprint arXiv:2407.06182,
2024.

Yang, X., Zhu, L., Fan, H., and Yang, Y. Videograin: Modu-
lating space-time attention for multi-grained video edit-
ing. arXiv preprint arXiv:2502.17258, 2025.

Yang, Z., Teng, J., Zheng, W., Ding, M., Huang, S., Xu,
J., Yang, Y., Hong, W., Zhang, X., Feng, G., et al.
Cogvideox: Text-to-video diffusion models with an ex-
pert transformer. arXiv preprint arXiv:2408.06072, 2024.

Yu, J., Xu, Y., Koh, J. Y., Luong, T., Baid, G., Wang, Z., Va-
sudevan, V., Ku, A., Yang, Y., Ayan, B. K., et al. Scaling
autoregressive models for content-rich text-to-image gen-
eration. arXiv preprint arXiv:2206.10789, 2(3):5, 2022.

Yuan, S., Huang, J., He, X., Ge, Y., Shi, Y., Chen, L.,
Luo, J., and Yuan, L. Identity-preserving text-to-video
generation by frequency decomposition. arXiv preprint
arXiv:2411.17440, 2024a.

Yuan, S., Huang, J., Shi, Y., Xu, Y., Zhu, R., Lin, B., Cheng,
X., Yuan, L., and Luo, J. Magictime: Time-lapse video
generation models as metamorphic simulators. arXiv
preprint arXiv:2404.05014, 2024b.

Yuan, S., Huang, J., Xu, Y., Liu, Y., Zhang, S., Shi, Y., Zhu,
R.-J., Cheng, X., Luo, J., and Yuan, L. Chronomagic-
bench: A benchmark for metamorphic evaluation of text-
to-time-lapse video generation. Advances in Neural In-
formation Processing Systems, 37:21236–21270, 2025.

Zhang, H., Hong, D., Wang, Y., Shao, J., Wu, X., Wu,
Z., and Jiang, Y.-G. Creatilayout: Siamese multimodal
diffusion transformer for creative layout-to-image gen-
eration. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pp. 18487–18497, 2025.

Zhang, Z., Liao, J., Li, M., Dai, Z., Qiu, B., Zhu, S.,
Qin, L., and Wang, W. Tora: Trajectory-oriented dif-
fusion transformer for video generation. arXiv preprint
arXiv:2407.21705, 2024.

Zheng, Z., Peng, X., Yang, T., Shen, C., Li, S., Liu, H.,
Zhou, Y., Li, T., and You, Y. Open-sora: Democratiz-
ing efficient video production for all. arXiv preprint
arXiv:2412.20404, 2024.

11



605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659

Comp-Attn: Present-and-Align Attention for Compositional Video Generation

Comp-Attn: Present-and-Align Attention for Compositional Video Genneration
Appendix

A. Adapt Comp-Attn to Other Models
Wan2.2 (Wang et al., 2025). Wan2.2-A14B and Wan2.1-14B are largely consistent in terms of model architecture. The
key difference lies in Wan2.2-A14B adopting a mixture-of-experts architecture, where two DiT models with identical
parameter sizes and architectures are used to handle high-noise and low-noise latents, respectively. Therefore, we can
seamlessly integrate Comp-Attn without modifying any of its components, simply by switching between the two experts
according to the original timestep settings of Wan2.2.

CogVideoX (Yang et al., 2024). CogVideoX is built on the MM-DiT architecture, which requires slight modifications to
Comp-Attn for proper adaptation. For SCI, we perform subject-aware interpolation on the condition and concatenate it with
the video tokens before feeding them into the network. For LAM, CogVideoX employs multimodal self-attention, where the
attention distribution is divided into four regions: video-video, video-text, text-video, and text-text (Cai et al., 2024). We
modulate the attention probe specifically within the video-text region to avoid affecting the attention interactions in other
regions. Specifically, we inject a modulation bias term into the video-text region of the multimodal attention map to achieve
a similar effect as cross-attention in the DiT architecture.

VideoCrafter2 (Chen et al., 2024b). Comp-Attn can be seamlessly integrated into U-Net-based models, such as
VideoCrafter2, with minimal adaptation effort. Specifically, SCI can be directly added to the conditioning stage of
VideoCrafter2, enhancing the subject semantics of CLIP text embeddings (Radford et al., 2021). For LAM, we choose to
perform attention modulation on the intermediate layers of the encoder and decoder, as these layers are semantically rich in
the U-Net architecture.

FLUX (flu, 2024). It is also a model based on the MM-DiT architecture, where we apply Comp-Attn following the
approach used in CogVideoX. The differences lie in two aspects: (1) the visual input consists of image tokens, and (2) it
employs both dual-stream and single-stream blocks to achieve different multimodal feature modulations. However, the
specific attention interaction rules remain unchanged.

B. Baseline Implementation Details
For a fair comparison, the quantitative performance of the following models is directly taken from the T2V-CompBench
leaderboard (Sun et al., 2025): Gen-3 (gen, 2024), Dreamina1.2 (Dre, 2024), Kling-1.0 (Kling, 2024), VideoCrafter (Chen
et al., 2024b), CogVideoX-5B (Yang et al., 2024), Open-Sora1.2 (Zheng et al., 2024), T2V-Turbo-v2 (Li et al., 2024a), and
VideoTetris (Tian et al., 2024). To expand the scope of validation, we reproduce two representative autoregressive diffusion
paradigms, MAGI-1-24B (Teng et al., 2025) and SkyReels-V2-13B (Chen et al., 2025), on the T2V-CompBench. Meanwhile,
we also reproduce the performance of Wan2.1-14B and Wan2.2-A14B (Wang et al., 2025) on the T2V-CompBench to
establish strong baselines. All models generate videos under their optimal inference settings. To ensure a fair comparison
between the two representative compositional generation paradigms, LVD (Lian et al., 2024) and Vico (Yang & Wang,
2024), we reproduce them along with Comp-Attn on the same video foundation models for comparison. Both methods
utilize gradients computed from the cross-attention map for video latent optimization during the testing phase, while LVD
explicitly uses LLM-planned layouts for supervision. LVD uses the same layout as Comp-Attn. All hyperparameters are set
according to their optimal configurations in the original papers.

As for additional T2I task evaluation, we use FLUX (flu, 2024) along with the results reported for HybridLayout (Wu et al.,
2025) and SiamLayout (Zhang et al., 2025) on T2I-CompBench (Huang et al., 2025a) for a fair comparison. We also test the
performance of applying Comp-Attn to FLUX on T2I-CompBench using the same prompt suite and evaluation process.

C. More Ablation Results on SCI
Recall that SCI performs subject token enhancement by first conducting subject saliency estimation to obtain significance
scores for each subject, followed by interpolation computation. Therefore, we aim to investigate whether directly interpolat-
ing subject anchor embeddings into the prompt at certain ratios could also be effective. Therefore, we establish a baseline
formulated as follows:

P ∗
i = (1− α)Pi ⊕ αAi. (13)
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Table 8. Ablation study on the subject saliency estimation in SCI.

Method Con-attr Spatial Interact Action
w/ Interpolation α = 0.2 0.8426 0.6694 0.8065 0.7839
w/ Interpolation α = 0.5 0.8331 0.6785 0.8206 0.7924
w/ Interpolation α = 1.0 0.8348 0.6650 0.7981 0.7802
SCI (Ours) 0.8613 0.6840 0.8357 0.8022

Figure 6. More qualitative comparisons illustrating the impact of Comp-Attn on FLUX.1-dev.

where α indicates the mixing rates, which is a hyperparameter. As demonstrated in Table 8, directly interpolating subject
anchor embeddings into prompts with fixed mixing rates yields only marginal improvements, significantly inferior to SCI.
This performance gap primarily stems from the dynamic nature of subject saliency across varying prompt contexts. Hence,
manually defined mixing parameters fails to adapt to these variations, potentially resulting in either insufficient restoration
of original subject semantics or corruption of contextual information stored in subject tokens.

D. More details for LLM Planning Layout
We utilize GPT-4o-mini (GLM et al., 2024) to generate coarse layouts for each prompt and extract the specified subjects.
Invoking the layout planning API for video generation incurs a cost of approximately $0.005 per request with a response
latency around five seconds. Both the qualitative and quantitative results in this study are based on the GPT-4o-mini
planned layout to achieve efficient batch experiments. Notably, users can also customize object layouts to enable diverse
compositional generation. For detailed generation prompts and the corresponding data format, please refer to Figure 13.

E. More Qualitative Results
We present extended qualitative results demonstrating Comp-Attn’s consistent superiority when adapted to other video
generation architectures, Wan2.2-A14B (Figure 7, Figure 8, Figure 9), Wan2.1-14B (Figure 10), CogVideoX (Figure 11) as
well as VideoCrafter2 (Figure 12). Comp-Attn achieves precise multi-subject presence while ensuring accurate alignment of
inter-subject relations. Moreover, Comp-Attn can be robustly extended to the image generation frameworks such as FLUX,
further enhancing the compositional semantic understanding of T2I models (Figure 6).

F. Robustness of LLM layout.
This section first analyzes the robustness and error rate of using LLM directly for layout planning. Then, we elaborate on
the two most common types of errors, followed by a discussion on how our method effectively addresses these issues. We
systematically analyzed the layouts planned by GPT-4o-mini for 1,400 prompts in the T2V-CompBench dataset, manually
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Table 9. Layout error comparison under different settings. ”Score” represents the average score of T2V-CompBench.

Method Size error ↓ Motion error ↓ Error rate ↓ Score ↑
Valina 19 22 2.93% 0.6358
+ Ours 11 5 1.14% 0.6414

verified their validity, and calculated the overall error rate.

A direct paradigm for generating layouts using LLMs could be: prompting the LLM to generate a layout for each latent
frame, using an in-context example as a demonstration. However, under this dense planning setup, the model often struggles
to balance the spatial relationships across too many frames and the transitions between them, leading to conservative motion
planning in terms of temporal dynamics and incorrect size planning in terms of spatial arrangements. We categorize the
errors under this setup into: 1) motion error and 2) size error. Specifically, motion error is typically manifested as the layout
planned for an object remaining static or exhibiting minimal movement across multiple frames (e.g., the total movement
distance being only 0.1 times the video width). Meanwhile, size error is mainly reflected in certain objects in the video
being assigned an unreasonably small or disproportionately sized bounding box (e.g., with a total area accounting for only
1% of each frame). As shown in Table 9, we found that under the dense planning setup, the error rate of the layout is 2.93%.
While this is not particularly significant, it does have an impact on certain performances.

To address this issue, we adopt a strategy of planning keyframes while interpolating the redundant frames. The motivation
primarily stems from two key observations: 1) simplifying the planning task and requiring the LLM to generate layouts for
fewer frames improves its understanding of object spatial scales, while the motion between keyframes becomes relatively
more reasonable; 2) under the dense planning setup, the layouts of many frames exhibit a linear and simple pattern of
relative motion, resulting in significant redundancy. As shown in Figure 13, based on this observation, we first let the
LLM plan 4 keyframes to determine the object’s size and approximate motion trajectory. Then, we efficiently generate the
intermediate frames using linear interpolation. Ultimately, our method significantly reduces the layout error rate, further
enhancing the robustness of LLM-planned layouts. At the same time, the design mechanism of Comp-Attn can tolerate
a certain degree of size error. For instance, when the bounding box of an object is too small, the enhanced semantics of
subject tokens through SCI allow the object to still be recalled. Additionally, the dynamic attention modulation mechanism
of LAM can center on this small bounding box and roughly present the object at the corresponding location. This contrasts
with previous methods (Tian et al., 2024; Wang et al., 2024b) that relied overly on LLM-planned layouts and adopted hard
mask mechanisms.

Overall, the LLM-planned layout is relatively robust, with an initial error rate of 2.93% that our strategy successfully reduces
to 1.14%. The prompt strategy we adopted, combined with the inherent robustness of Comp-Attn, further minimizes the
impact of errors in the planned layout. Future improvements could involve training a dedicated LLM for text-to-layout tasks
or adopting a human-in-the-loop approach for layout planning.

G. Failure case analysis.
Comp-Attn may still fail when handling prompts that require rich physical knowledge. As shown in Figure 14, when a prompt
contains multiple elements and involves complex physical laws, the baseline model generates videos with compositional
semantic errors and misalignment with physical laws. Although Comp-Attn improves the presentation of compositional
semantics, it still produces content that violates common physical sense. This is mainly due to the lack of physical world
knowledge in current foundational video generation models.

H. Limitations.
While Comp-Attn significantly improves composition awareness in video generation, its performance is still limited by
the inherent constraints of the underlying foundation models. For example, when the foundation model lacks sufficient
physical knowledge, it may also generate lower-quality content. Despite being model-agnostic by design, the effectiveness
of Comp-Attn heavily relies on the semantic grounding and representational capabilities of the pretrained backbone model.
Future research could focus on enhancing the reasoning ability for multi-subject representation and inter-subject relationships
through targeted training, further driving advancements in the field of compositional generation.
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Figure 7. More qualitative comparisons illustrating the impact of Comp-Attn on Wan2.2-A14B.

Figure 8. More qualitative comparisons illustrating the impact of Comp-Attn on Wan2.2-A14B.
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Figure 9. More qualitative comparisons illustrating the impact of Comp-Attn on Wan2.2-A14B.

Figure 10. More qualitative comparisons illustrating the impact of Comp-Attn on Wan2.1-14B.
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Figure 11. More qualitative comparisons illustrating the impact of Comp-Attn on CogVideoX-5B.

Figure 12. More qualitative comparisons illustrating the impact of Comp-Attn on VideoCrafter2.
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Figure 13. Prompt template for LLM layout generation. We first let the LLM plan 4 keyframes to indicate the precise size of objects
and their key positions in the video. Subsequently, we use an efficient linear interpolation method to obtain the layouts for all frames.

Figure 14. Failure case analysis. When handling prompts that require rich physical knowledge, although Comp-Attn improves
compositional semantics, it can still generate motions or phenomena that are misaligned with physical laws (e.g., unnatural liquid flow,
interpenetrating collisions, etc.).
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