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Abstract

Existing pre-trained text-to-video diffusion models can
generate high-quality videos, but often struggle with mis-
alignment between the generated content and the input text,
particularly while composing scenes with multiple objects.
To tackle this issue, we propose a straightforward, training-
free approach for compositional video generation from text.
We introduce Video-ASTAR for test-time aggregation and
segregation of attention with a novel centroid loss to en-
hance alignment, which enables the generation of multiple
objects in the scene, modeling the actions and interactions.
Additionally, we extend our approach to the Multi-Action
video generation setting, where only the specified action
should vary across a sequence of prompts. To ensure coher-
ent action transitions, we introduce a novel token-swapping
and latent interpolation strategy. Extensive experiments
and ablation studies show that our method significantly
outperforms baseline methods, generating videos with im-
proved semantic and compositional consistency alongside
improved temporal coherence 1.

1. Introduction

Recent advancements in large-scale Text-to-Video (T2V)
generation have significantly improved the ability to pro-
duce photorealistic videos from natural language descrip-
tions [8, 10, 17, 20]. These models can generate both
short and long videos with high fidelity, making them in-
creasingly popular for creative applications, virtual envi-
ronments, and assistive technologies. However, a persis-
tent challenge arises when the input text involves multiple
objects, actions, or their combinations. In such scenarios,
generated videos often exhibit missing entities, misplaced
interactions, or incorrect temporal ordering of actions. This
issue is referred to as compositional generation, where mod-
els are expected to faithfully generate scenes involving mul-

1Project page: https://prajwalsingh.github.io/Video-ASTAR/

tiple distinct components described in the input.
While composition has been extensively studied in the

Text-to-Image (T2I) literature, with several methods pro-
posed to improve fine-grained alignment between entities
and their spatial relationships [1, 2, 6, 15], relatively few
works have addressed the challenge in the T2V domain
[21, 25]. The difficulty in extending compositional genera-
tion to video lies in the increased complexity of maintaining
both spatial and temporal coherence across frames. Unlike
images, videos require models to capture temporal relation-
ships between multiple entities and actions while preserving
their individual attributes across time.

To address these limitations, we propose an
optimization-based framework, Video-ASTAR, for
generating temporally coherent videos rich in composi-
tion from textual prompts. Our method builds upon the
pre-trained VideoCrafter2 diffusion model [4]. Inspired
by ASTAR [1], we introduce attention segregation and
retention mechanisms for video generation to gain finer
control over attention maps, allowing distinct textual
tokens to modulate different object regions in space and
time. This design encourages disentangled control over
multiple objects and their interactions, directly improving
the composition. We also introduce a novel Centroid
Loss to enhance entity-action interactions by aligning the
spatial attention maps of relevant entities. We further
identify specific cross-attention layers within the model
that are most effective for controlling entity, enabling better
grounding of text in video generation.

In addition to spatial composition, we consider the chal-
lenge of Multi-Action Video Generation (MAVG), which
involves generating a video that captures a coherent se-
quence of actions conditioned on a textual description
[5, 13, 16, 21, 24]. Most current T2V models struggle to
maintain spatial-temporal consistency over extended dura-
tions, especially when the text contains multiple actions.
This leads to abrupt transitions in the generated video,
which affects the overall video quality and semantic align-
ment with the input. For handling MAVG, we extend our
compositional generation framework by introducing Token
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Figure 1. Video-ASTAR Framework. We introduce Video-ASTAR, which enforces the consistent generation of concepts in the prompt
(left), via a latent optimization framework based on losses on corresponding concept token attention maps (right) in VideoCrafter2.

Swapping and Latent Interpolation strategies. These tech-
niques aim to preserve entity identity across multiple action
phases and ensure smoother transitions between distinct ac-
tions. As a result, our method enables the generation of
videos that are not only visually coherent but also accurately
aligned with complex multi-action textual prompts.

The following are the contributions of our work improv-
ing text-based video synthesis:
1. Optimization-Based Framework Video-ASTAR for

Compositional Video Generation: We present a
training-free approach that leverages the pre-trained
VideoCrafter2 [4] diffusion model to generate videos
with rich and coherent composition, following content
from textual descriptions accurately.

2. Centroid Loss for Attention Interaction: We introduce
a novel loss function, Centroid Loss, which promotes
stronger interaction between entities in the attention
maps. This helps maintain consistent and accurate repre-
sentations of objects and actions throughout the denois-
ing steps in the diffusion process.

3. Method for Attention Control: To improve attention seg-
regation and retention across video frames, we re-model
ASTAR [1] loss across frames and extend it with a
mean-threshold-based mask creation strategy. Specif-
ically, we generate a mask from the first frame using
mean attention values and apply this mask consistently
across all frames. This enables stable tracking of to-
kens throughout the video. Additionally, we identify the
cross-attention layers within the diffusion model that are
most critical to controlling the generation, enabling more
targeted manipulation of visual content. (Figure 1)

2. Related Works
We find that the object/action being missed is one of the
main issues in compositional video generation. To address
this problem, there are different strategies that are being

used for images and videos.

Compositional Image Generation. Attend-and-Excite [2]
addresses semantic consistency issues in text-to-image gen-
eration by leveraging cross-attention maps to guide the gen-
erative process. This method ensures that key objects and
relationships described in the text are accurately represented
in the generated images by iteratively optimizing a loss on
attention maps during the denoising process to align them
with semantic concepts in the input text. However, a limi-
tation of Attend-and-Excite is the vanishing of certain con-
cepts from the attention map.

One way this issue is addressed by ASTAR [1], by intro-
ducing an attention retention loss to ensure that all tokens
maintain some association with pixels throughout the de-
noising process. Building on this, we introduce an ASTAR-
based loss with our proposed Centroid Loss to enhance at-
tention retention further. Additionally, we present an effi-
cient approach for calculating the mask used in ASTAR’s
attention retention loss, improving its overall effectiveness.

Compositional Video Generation. In the Video Composi-
tion (VICO) work [25], the authors proposed a method to re-
formulate video generation as a flow equalization problem,
where temporal dynamics and spatial relationships are rep-
resented through structured flow fields. The approach de-
couples content generation and motion synthesis, ensuring
accurate representation of both static and dynamic compo-
nents. VideoTetris [21] frames video generation as a block-
wise process, where ”content blocks” representing objects
and ”motion blocks” capturing temporal dynamics are in-
dependently generated and combined based on the input
text. In contrast, MagicComp [26] and VideoRepair [14] are
training-free approaches, but they rely on LLM for planning
and refinement. Our proposed method operates on spatial
cross-attention maps and uses only the loss functions to en-
sure correct temporal and spatial relationships for composi-
tional video generation. Some recent methods tackle com-
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Figure 2. Video-ASTAR Framework. The figure illustrate VideoCrafter2 (VC2) [4] framework with proposed latent optimization step.
The VC2 video latent diffusion model conditions the noisy latent input on the given text prompt, and during the denoising step, the proposed
method ensures that the attention map attends to each token according to the text. The final denoised latent is then given as input to the
pre-trained latent-to-frame decoder network of VC2 for video generation.

positional video generation by redesigning models. Gen-
MAC [11] uses multi-agent collaboration, while Dream-
Runner [23] employs retrieval-augmented motion priors. In
contrast, Video-ASTAR requires no new architecture, mod-
ules, or retraining; it operates purely at test time on existing
diffusion models, offering a lightweight and complemen-
tary alternative to training-heavy approaches.

Multi-Action Videos. FIFO [13] introduced a training-free
diagonal denoising framework for multi-action video gen-
eration, with the goal of producing infinitely long videos.
While effective for generating extended video sequences,
FIFO struggles to capture multiple actions accurately and
often results in inconsistent backgrounds and incoherent
video frames. To address these shortcomings, we extended
the Video-ASTAR optimization to FIFO, achieving im-
proved background consistency and frame coherence.

3. Method

Latent Video Diffusion Model (LVDM). In this work we
have used pre-trained VideoCrafter2 [4] model for text-to-
video generation. The VideoCrafter2 (VC2) pipeline con-
sists of two components: 1) a video VAE and 2) a video
latent diffusion. A pretrained VAE from the Stable Diffu-
sion [19] model is used as a video autoencoder, where each
frame is encoded independently into the latent z0 and the
VC2 process 16 frames at a time. The video latent diffusion
model is then trained on encoded latent z0 with the follow-
ing forward (Eq. 1 and 2) and reverse denoising (Eq. 3) :

q(z1:T |z0) :=
T∏

t=1

q(zt|zt−1), (1)

q(zt|zt−1) := N (zt;
√
1− βtzt−1, βtI) (2)

pθ(zt−1|zt) := N (zt−1;µθ(zt, t, y),Σθ(zt, t, y)) (3)

where each video latent is of shape (C×F×H×W ), T is
the number of total diffusion timesteps, and βt is the noise
level at timestep t. This will give us a set of noisy video
latent zt at any timestep t as discussed in [3]. The µθ and
Σθ are learned U-Net parameters conditioned on timestep
t and text prompt y. The video latent shape of pre-trained
VC2 model is z0 ∈ R4×16×40×64.

Cross Attention Maps. To enforce the semantic condition-
ing from the text prompt in the denoising step of U-Net
diffusion, cross-attention is used. As shown in Figure 2,
the text prompt is given as input to the cross-attention layer
in the spatial transformer layer of VideoCrafter2 across the
different stages. The text prompt y is encoded using the pre-
trained CLIP [18] text encoder ϕ followed by computing the
cross attention:

CrossAttn(Q,K, V ) = softmax
(
QKT

√
d

)
.V, (4)

Q =W i
Q . ψ(zt),K =W i

K . ϕ(y), V =W i
V . ϕ(y) (5)

here, ψ(zt) ∈ RF×N×di

represents N spatially flattened
video latent tokens each with d dimension across all the

6777



Token: Dancing, Layer: 5 Token: Bench, Layer: 5 Token: Sitting, Layer: 5 Token: Rock, Layer: 5

Prompt: In a quiet park an old man wearing a brown hat ... on the path with ... aside.

Figure 3. Token Visualization. The figure shows the cross-attention map between text and video frame pooled from a downsampling layer
in a spatial transformer block of VideoCrafter2 [4].

frames F , W (i) is learnable weight matrix on each atten-
tion head i, and, ϕ(y) ∈ R1×77×1024 represents CLIP text
encoding with 77 tokens and each with dimension 1024.
After the computation, we get the cross attention map (A)
of shape RF×N×77, where each cell represents the attention
score between pixel and text token across all the frames. In
the Figure 3, we have shown the cross-attention map be-
tween a text token and a video frame pixel.

Text-to-Video (T2V). In the inference step, starting with a
user-provided text description encoded with CLIP text em-
bedding ϕ(y) and randomly sampled latent noise (zt), de-
noising steps are performed using the DDIM framework to
produce conditioned latent representations (ẑ0). These de-
noised latent vectors are then passed through a pre-trained
LVDM [9] video decoder to synthesize the final video.

Compositional Generation. For compositional video gen-
eration, we propose Video-ASTAR with Centroid Loss di-
rectly to the accumulated attention maps from the Spatial
Transformer. Although ASTAR [1] was initially proposed
for images, we extend it to video frames by adding the tem-
poral dimension to the loss function. We also modified the
mask generation method, replacing the graph component
computation with mean thresholding i.e., attention values
below the mean are masked to zero and above the mean to
one for each frame. The mask from the first video frame
is used for the attention retention loss, resulting in stable
video generation with rich details.

1) Attention Segregation Loss. At each denoising
step t we have a pair of cross-attention maps (Am, An)
for each concept (nouns) and reduce the intersection-over-
union value in all locations (i, j) for the pair of attention
maps [1]. This encourages the attention map of each en-
tity to have the least possible overlap. Here, Ĉ is the total
number of token pairs.

Lseg =
∑

m,n∈Ĉ
∀m>n

[∑
ij min([A

m
t ]ij , [A

n
t ]ij)∑

ij ([A
m
t ]ij + [An

t ]ij)

]
(6)

2) Attention Retention Loss. Given attention Am at
each time step t−1 and masked attention mapM from time
step t. The loss encourages maximizing the intersection-

over-union value across all the pixels (i, j) of the attention
map where the mask is set to one. Here, C is the total num-
ber of tokens.

Lret =
∑
m∈C

[
1−

∑
ij min([A

m
t−1]ij , [M

m
t ]ij)∑

ij ([A
m
t−1]ij + [Mm

t ]ij)

]
(7)

3) Centroid Loss. This loss encourages attention maps
to close to each other. To achieve this, we first created
P number of token pairs. The loss function is computed
based on an attention map tensor Â[i, j, t, h, w] with shape
(P, 2, T,H,W ), where, j ∈ {0, 1} is index for tokens a
(j = 0) and b (j = 1) in each pair.

The row centroid (y-coordinate) for token j in pair i at
frame t is computed:

(8)
RowCent[i,j,t] =

(
H−1∑
h=0

(
W−1∑
w=0

Â[i, j, t, h, w]

· (h+ 1)

)
/

H−1∑
h′=0

yloc[h
′]

)
The column centroid (x-coordinate) is computed simi-

larly:

(9)
ColCent[i,j,t] =

(
W−1∑
w=0

(
H−1∑
h=0

Â[i, j, t, h, w]

· (w + 1)

)
/
W−1∑
w′=0

xloc[w
′]

)
The 2D centroid for each token is:

CentPerFrame[i,j,t] =

[
RowCent[i,j,t]
ColCent[i,j,t]

]
(10)

The loss is Euclidean distance between the centroids of
tokens a (j = 0) and b (j = 1) for each pair i and frame t:

Lcent =

√(
CentPerFrame[i,0,t] − CentPerFrame[i,1,t]

)2
(11)

Here, yloc[h] = h + 1 for h = 0, . . . , (hattn −
1), and xloc[w] = w+1 for w = 0, . . . , (wattn−1).
The loss function that is used for optimization is as follows:

(12)Ltotal = Lseg + Lret + Lcent

We use gradient descent to optimize latent zt based on the
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Figure 4. Qualitative Comparison. (a) The figure illustrates the effect of different optimization functions with VideoCrafter2 [4], (b)
shows the effect of different parameters on the Video-ASTAR loss.

loss above. The Figure 1 shows optimization flow (right)
along with its effect (left). In the supplementary material,
we have discussed the concept selection strategy for select-
ing nouns/verbs for the optimization process.

Multi-Action Video Generation (MAVG). In addition to
compositional generation, text-to-video models also strug-
gle to follow sequences of actions described in the text
while maintaining semantic consistency across frames.
FIFO [13] addresses this by proposing an optimization-
based method for long video generation and extends it to
support multi-prompt inputs. However, as shown in the top
row of Figure 9 and Figure 10, FIFO often produces incon-
sistencies across frames. To address this, we propose two
techniques:

1) Token Swapping. For multi-action sequence prompts
that differ only in their actions while the rest of the text re-
mains similar, we preserve the initial prompt-generated to-
kens and modify only the action-specific tokens. Specifi-
cally, we replace the action and end tokens (<eot>) from
the first prompt with those from the second prompt and in-
corporate them into the second prompt. This approach en-
sures consistent background and context across the frames
of the multi-action video, preventing abrupt changes.

2) Latent Interpolation. In FIFO [13] for generating
the infinite frames, the authors have proposed a diagonal de-
noising method where new noise is input at the end (starting
point of the denoising step) of the queue, and by the time it
reaches the front (denoised latent variable), it can be used
to synthesize the new video frames. In our work, we pro-

Prompt: a tennis racket and a bottle
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Figure 5. Qualitative Comparison Across Methods. In this fig-
ure, we have shown the effect of different methods when integrated
with the VideoCrafter2 [4] text-to-video generation network.

posed a modification to this step where, instead of directly
pushing a new noisy frame at the end of the queue, we push
the weighted average of the lastN frames of the queue with
the new noisy frame.

Fnoisy = w1 × FN + w2 × ϵN (0,I) (13)

where epsilon is a new sampled noise from the standard
normal distribution and w1 and w2 are weights for inter-
polation, which are kept as 0.4 and 0.6 for the proposed
method. With these modifications in the FIFO pipeline, we
also used the proposed losses for compositional video.

4. Experiment and Results
In the first part of this section, we have discussed different
baseline methods used for the comparison. The second part
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Methods Spatial Relationship [84] (↑) Multiple Objects [82] (↑) Overall Consistency [93] (↑) Temporal Consistency [259] (↓)

VideoCrafter2 [4] 43.99% 42.53% 28.24% 0.2899
VideoCrafter2 +
Attend and Excite [2]

42.47% 33.31% 27.98% 0.5446

VideoCrafter2 +
VICO [25]

42.35% 41.06% 27.90% 0.3798

VideoCrafter2 +
Video-ASTAR (Ours)

44.13% 50.66% 27.33% 0.2378

Table 1. Quantitative Comparison with baseline methods using VBench [12] across three different prompt categories (total prompts in
each category are shown in brackets []) on three random seed values. We report the average across all runs.

(c) Busy freeway at night
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(a) an ice cream is melting on the table
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(b) Cinematic shot of Van Gogh's selfie, Van Gogh style

(d) The bund Shanghai, vibrant color

Figure 6. Overall Consistency. Qualitative comparison between the results generated using VICO [25] and our proposed optimization
method for compositional video generation.

Configuration Spatial (↑) Multiple Object (↑) Overall (↑) Temporal (↓)

Video-ASTAR 49.20% 61.51% 27.85% 0.2061

w/o Segregation loss(Lseg) 47.38% 38.95% 27.12% 0.2156

w/o Retention loss (Lret) 43.18% 50.38% 26.95% 0.2125

w/o Centroid loss (Lcent) 47.28% 56.33% 27.85% 0.1994

Table 2. Loss Ablation. The table shows quantitative analysis of
the proposed framework with different loss configurations.

of the section discusses the evaluation criteria and ablations.

Baselines. We compare our method with the baseline
VideoCrafter2 [4], a text-to-video generation model. Ad-
ditionally, we evaluate against VICO [25], which enhances
VideoCrafter2 by introducing a max-flow-based [7] op-
timization to refine the spatial-temporal layout of latent
noise for better compositional control. We also consider
VideoCrafter2 combined with the Attend-Excite mecha-
nism [2], originally proposed for compositional image gen-
eration. In VICO, the Attend-Excite loss is adapted to guide
the alignment between the generated video content and in-
put text prompts, improving compositional fidelity [25].

Evaluation Metrics. To evaluate the compositional gen-
eration, we used VBench [12], consisting of different di-
mensions to measure the quality of generated videos. In
our work, we have used three such dimensions, which are
a) Spatial Relation: it measures if the generated videos fol-
low the spatial relationship given in the text description be-
tween the objects, b) Multiple Object Composition: to mea-

Frame Mask Spatial (↑) Multiple Object (↑) Overall (↑) Temporal (↓)

All Frames 38.34% 40.17% 27.89% 0.2213

Only First Frame 39.92% 48.86% 27.34% 0.2143

Table 3. Frame Mask Ablation. Shows the effect of using the
first frame vs all frames mask during the optimization.

sure if frames consist of all the objects mentioned in the
text, and c) Overall Consistency: to evaluate how well the
generated video align with given text prompt using ViCLIP
[22]. Apart from these three dimensions, we also measure
the generated video quality on the temporal dimension. To
measure it, we extract the clip [18] feature (ψ ∈ Rd) for
each frame (F ) and compute the sum of the differences be-
tween consecutive frames to get the perceptual difference.

Dpercep =

|F |∑
i=1

1− cos(ψF [:−1], ψF [1:]) (14)

For fair comparison, we rerun all the methods on three
different random seeds and report the mean of them.

Implementation Details. Our method is optimization-
based and requires no training. We use the FIFO imple-
mentation [13] with VideoCrafter2 as the backbone, which
employs the DDIM sampler with 64 steps. For composi-
tional video generation, we optimize latents for 25 steps us-
ing Video-ASTAR (with centroid loss) and vanilla gradient
descent, with learning rate defined by a scale factor sf=20
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Figure 7. Multiple Objects. Qualitative comparison between the results generated using VICO [25] and our proposed optimization method
for compositional video generation.
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(a) a bus on the right of a traffic light, front view (b) a baseball glove on the right of a tennis racket, front view

(d) a potted plant on the left of a remote, front view(c) a truck on the right of a bicycle, front view
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Figure 8. Objects Spatial Relationship. Qualitative comparison between the results generated using VICO [25] and our proposed
optimization method for compositional video generation.

and scale range sr∈[1, 0.5]. For multi-action prompts, we
further apply token swapping and queue latent interpola-
tion.

Quantitative Comparison. Table 1 shows that Video-
ASTAR achieves competitive results and outperforms the
baseline on most VBench dimensions. In particular, the
Multiple Objects metric improves significantly, attributed to
attention retention and centroid loss maintaining active and
spatially consistent attention maps.

Qualitative Comparison. We also compare with VICO
[25] under different seeds. As shown in Figs. 6, 7, and 8,
our results are more consistent and coherent. Unlike VICO,
we identified transformer blocks {9, 17, 18, 19} as most ef-
fective and computed losses only from their cross-attention
maps to produce stable results.

Ablation. We evaluate the effect of different optimiza-
tion methods on VideoCrafter2 (VC2) [4]. As shown in
Fig. 4(a), VC2 fails to generate the object “bench.” Apply-
ing A&E loss [2] recovers it in the first prompt but fails in
the second and shows alignment issues. In contrast, Video-

ASTAR recovers missing entities in both prompts, with bet-
ter contextual understanding and frame consistency. Table 2
reports the effect of different loss combinations, showing
that Lseg , Lret, and Lcent all contribute meaningfully (eval-
uated with seed 42). Here, Lseg reduces overlap between
token attentions, Lret maintains token focus across denois-
ing steps, and Lcent improves compositional generation by
enhancing entity interaction. Fig. 4(b–c) shows that fixed
thresholding misses entities, while mean-based threshold-
ing captures them more reliably. Figs. 4(d–e) further show
that reusing a binary mask from the first frame preserves
context (e.g., consistently generating a “big rock”). Ta-
ble 3 confirms that using the first-frame mask outperforms
recomputing masks at each frame. Finally, Fig. 5 com-
pares optimization methods on VC2, illustrating that our
approach better captures prompt entities. More results and
details are provided in the supplement.

Multi-Action. We conducted a study on multi-action se-
quence generation, where the input prompts contain mul-
tiple actions while keeping the surrounding context un-
changed. As shown in Figure 9 and Figure 10, FIFO [13]
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Figure 9. Token Swapping. Qualitative comparison between the results generated using the FIFO [13] baseline and with token swapping.
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(a) in a quiet park an old man wearing a brown hat walking on the path with a bench aside 4k high resolution, in a quiet park an old man wearing a
brown hat sitting on a bench aside the path 4k high resolution

Figure 10. Latent Interpolation. Qualitative comparison between the results generated using the FIFO [13] baseline and with our proposed
optimization method for MAVG. In our case, the bench remains consistent and avoids hallucination.

exhibits inconsistency in long video sequences. In contrast,
our proposed methods, token swapping and latent interpo-
lation, enable FIFO to generate coherent action sequences
with consistent object presence. For example, in Figure 10,
instead of hallucinating a new bench, the ”old man” contin-
ues to interact with the existing bench in frames.

Limitations. We find that with Video-ASTAR, we do get
some minor loss in overall consistency as seen in Table 1 as
a tradeoff for having multiple objects in the prompt.

5. Conclusion

This work tackles the challenge of compositional video
generation from a text prompt by employing a straightfor-
ward, training-free method using a pre-trained video dif-
fusion model. We have introduced Video-ASTAR with

centroid loss for the optimization process over the cross-
attention map. With comprehensive empirical results and
ablation studies, we show its effectiveness over baselines.
In addition to compositional generation, we study the multi-
action video generation problem and have proposed a to-
ken swapping and latent interpolation method for generat-
ing consistent, action-specific videos, ensuring that the tran-
sitions between actions are smooth and logical. Our ap-
proach emphasizes the potential of optimization-based tech-
niques for achieving controllable and grounded video gen-
eration grounded in composition, all without requiring ad-
ditional training or fine-tuning of large-scale diffusion mod-
els, thereby streamlining the process of video generation in
a way that is both efficient and effective. This work will
pave the way for further work on control of T2V models.
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