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Abstract

Recent proprietary video generation models
have demonstrated remarkable proficiency in
synthesizing highly realistic videos from tex-
tual instructions. Most open-source text-to-
video models, however, still struggle to accu-
rately simulate real-world physics and dynamic
entity interactions. Existing approaches rely on
scaling laws and large-scale, high-quality video
datasets to implicitly learn physical dynamics,
yet this paradigm is constrained by prohibitive
costs and the burdensome demands of data cu-
ration. Motivated by this, we propose a novel
framework that integrates graph-structured tem-
poral knowledge into video latent diffusion
models to enhance compositional generation
and interaction fidelity. Our framework con-
structs video scene graphs specifically designed
to capture entity relationships, temporal dy-
namics, and global scene context. These graph-
structured representations guide the generation
process through cross-attention mechanisms.
Additionally, we introduce Graph-Aligned De-
noising Loss (GADL), a training objective that
ensures adherence to conditioned graphs by
incorporating node modification tasks within
the denoising process, leveraging synchronized
edited video-graph pairs. Comprehensive eval-
uations demonstrate that incorporating graph-
structured knowledge significantly enhances
compositionality and the accurate portrayal of
real-world interactions in generated videos.

1 Introduction

Modern diffusion models (Ho et al., 2020; Song
et al., 2021; Nichol and Dhariwal, 2021) have
demonstrated impressive results in generating
high-fidelity images from complex text instruc-
tions (Rombach et al., 2022a; Saharia et al., 2022),
promising new avenues for content creation. Be-
yond the image domain, text-to-video generation
tasks have recently garnered considerable attention
despite their intricacy (Ma et al., 2024; Blattmann
et al., 2023; Wang et al., 2024c; Ho et al., 2022).

Several studies have made meaningful progress
in improving video quality within this challeng-
ing task by projecting high-dimensional video into
a latent space (i.e., latent diffusion model), trans-
forming backbone architectures, and devising more
sophisticated spatio-temporal information model-
ing. Moreover, powerful text-to-video proprietary
models, such as Sora and Veo (Wiedemer et al.,
2025), have surprised the community by showcas-
ing how video diffusion models can benefit from
scaling FLOPs to generate highly realistic videos.

While such models successfully generate tem-
porally coherent videos with high fidelity, open-
source alternatives still lack accuracy in simulat-
ing real-world physics and interactions between
multiple entities; for example, objects may sponta-
neously appear, human motion can be physically
implausible, and objects may float without regard
to gravity. Previous works (Zheng et al., 2024; Ma
et al., 2024; Wang et al., 2024c) have tackled this
problem by implicitly learning real-world dynam-
ics with attention operations on each spatial and
temporal dimension of video data while training
models on large-scale datasets. However, given the
demanding computation cost of the training video
diffusion model at scale and the difficulty of curat-
ing high-quality video datasets, this implicit learn-
ing approach, based on the ‘scaling law’, would not
be a master key. Here, a research question naturally
arises: How can we augment the real-world physics
knowledge of text-to-video diffusion models so that
they can work as real-world simulators?

To address this, we propose a novel approach
that incorporates graph-structured knowledge into
video latent diffusion models to enhance their ca-
pacity for compositional generation and accurate
expression of interactions between multiple entities.
Specifically, we design a video-specific graph struc-
ture that encapsulates real-world physics and en-
tity dynamics. Using recent vision-language mod-
els (Bai et al., 2023; Wang et al., 2024a), we gener-
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ate temporal video scene graphs that encode rela-
tionships in the form of <subject-predicate-object>.
In addition to these triplets, the graph includes two
specialized node types: a camera node and a con-
text node. The camera node captures relations be-
tween entities and the camera over the temporal
axis, with predicates reflecting temporal changes
in perspective (e.g., “dog - moving closer to - cam-
era”). The context node, on the other hand, encodes
persistent information shared across video frames,
such as weather, time, or background, ensuring tem-
poral coherence in generated videos. These video
scene graphs are then conditioned into the video
latent diffusion model using cross-attention, where
the attention operations are conducted between la-
tent patches and node embeddings derived from
graph neural networks (Velickovi¢ et al., 2018). By
infusing temporal and relational knowledge into
the diffusion process explicitly, our approach em-
powers the model to generate more realistic and
compositional videos.

While directly conditioning video scene graphs
within the diffusion process can guide the model
with real-world relational knowledge to some ex-
tent, there remains a lack of supervisory signals
to ensure the model adheres to the provided graph
in video generation; an objective function to en-
force the model to follow the conditioned graph, or
impose penalties for deviations from given graphs.
Inspired by these challenges, we propose a sim-
ple yet effective objective function, Graph-Aligned
Denoising Loss (GADL), which incorporates node
addition and deletion tasks during the training of
diffusion models. GADL encourages the model to
denoise latent in alignment with modified graphs
and their corresponding edited videos. To support
this, we curate synchronized edited video-graph
pairs using a video inpainting model on video seg-
mentation datasets and provide them as target la-
tents reflecting the node-modified graphs.

We evaluate our approach using two recent open-
source text-to-video models, Open-Sora (Zheng
et al., 2024) and VideoCrafter2 (Chen et al., 2024),
by examining how the generated videos differ
across diverse aspects using VBench (Huang et al.,
2024), a comprehensive video benchmark, and
through a user study assessing video quality, text
alignment, and realism. Experimental results indi-
cate that integrating graph-structured knowledge
improves the expressions of object composition
within the generated videos, increasing the aver-
age score from 3.1% to 4.8%. In user studies, our

method outperforms the baseline with an average
win rate of 79.5%. Beyond quantitative evaluation,
we conduct a qualitative study to show that the
model indeed understands the conditioned graphs:
modifying the input graph at inference leads to
naturally edited videos that accurately reflect the
intended changes.

2 Preliminary and Related Work

Diffusion models Diffusion models are designed
to learn data distributions pga, through a pro-
gressive denoising process. Specifically, the for-
ward process is formulated as q(x¢|x;—1) :=
N (x¢; /1 — Bix¢—1, B¢I) using a predefined vari-
ance schedule 1, ..., 7. The training is done by
reconstructing the original data via the reverse
process pg(x;—1|x¢). Let Xg ~ pgaa denote the
original data, and x1, . .., Xy represent the latents
of the same dimensionality as xg. Starting from
xp ~ N(0,I), the reverse process is defined as a
Markov chain parametrized as:

pG(Xt—l‘Xt) = N(thl; /LG(Xta t)7 Zﬁ(xta t)) ;
(D

where 6 are learnable parameters of the diffusion
model. Ho et al. (2020) parameterize the mean
o (X¢,t) using eg, a denoising autoencoder that
predicts € from given x;:

€9 (Xt7 t)) )
2
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where oy = 1 — B4, oy = Hi:l o, and the vari-
ance is fixed as 3y (x¢,t) = (5;I. The models are
trained to predict the noise ¢ ~ AN(0,I) added
during the forward process by minimizing the fol-
lowing objective:

Erxe [ll€ = eolxe,t)[3] ®

where eg(x¢, t) corresponds to the estimated noise
for given x; = \/ayxo + /1 — aze.

Although diffusion models exhibit high fidelity
generative performance, their sampling process
requires a significant number of iterations, lead-
ing to considerable computational and memory
costs. To alleviate this, latent diffusion models
have been proposed (Rombach et al., 2022b; He
et al., 2022), where the diffusion process oper-
ates in a lower-dimensional latent space rather
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(a) Process of video scene graph extraction

Text Prompt

You are a video scene graph extractor. Your task is to extract a scene graph
for each frame, sampled from a given video. It is important to focus on
temporal consistency and differences among frames. [...]

You are required to output three types of predictions:

1. Determine the total number of nodes and predicates (edges) in the scene
graph for each frame

2. Represent the scene graph in the <subject-predicate-object> format. Also,
include a camera node and list predicates that describe the relationships
between entity nodes and the camera node for each frame. These predicates
should convey the temporal changes between frames from the perspective
of the camera view.

3. Output a context node connected to all other nodes. The context node
should describe the video's context - such as weather, time (night, morning),

or background — that remains consistent across video frames. [...]

(b) Prompt for querying the graph with camera and context node

Figure 1: Representing video frames in a graph-structure form. (a) Sampled video frames with the instruction
prompt are processed by the vision-language model to extract graphs for each frame along the temporal axis. (b)
In-context learning prompt for graph extraction. The model receives detailed instructions to express video frames as
graph-structured knowledge, including special nodes for the camera and context.

Nodes: Woman, Vehicle, Hot Air Balloons
Predicates: (Woman, walking towards, Vehicle),
Balloons, floating above, Vehicle),
floating above, Woman)

Camera Predicates: (Woman, moving right, Camera)

Context Node: Dusk with Hot Air Balloons

(Hot Air
(Hot Air Balloons,

Sampled video frame (7= k)

An example of a video in graph-structured form

Figure 2: Example of a derived graph from a video frame using the vision-language model. The scene graph captures
relational knowledge between entities as well as the camera view.

than the pixel space. Using an encoder &£, Gaus-
sian noise is progressively added to the latent
variable zg = &(xg) to obtain z;. The training
objective in the latent space is similarly defined

as: By 0. |l€ — €o(zt, 1) Hg} . This approach signifi-
cantly reduces computational overhead while main-

taining generative quality, making diffusion models
scalable to high-dimensional data.

Video diffusion model Inspired by the success
of diffusion models in image generation, video gen-
eration has been explored using diffusion-based
approaches (Ho et al., 2022; Singer et al., 2023;
He et al., 2022; Zhang et al., 2024; Chen et al.,
2024; Wang et al., 2023, 2024b; Fei et al., 2024;
Zeng et al., 2024; Lee et al., 2024; Weng et al.,
2024). To leverage the strong performance of image
generative models and improve training efficiency,
several methods utilize image generative models
by decomposing content and motion synthesis (Yu
et al., 2024; Qing et al., 2024) or incorporating
temporal layers between spatial layers (Blattmann

et al., 2023; Zheng et al., 2024; Wang et al., 2024c;
Guo et al., 2024). However, decomposing spatial
and temporal attention poses challenges for model-
ing dynamic motion, as temporal attention is per-
formed at the same spatial position. To mitigate the
distribution shift in low-resolution videos caused
by the separate training of spatial and temporal
layers, VideoCrafter2 (Chen et al., 2024) jointly
trains these layers on low-resolution videos and
then fine-tunes the spatial modules on high-quality
images. Recently, to further enhance text-to-video
alignment, various works introduce human pref-
erence learning (Yuan et al., 2024). Nevertheless,
while existing approaches explicitly improve align-
ment with text, incorporating underlying real-world
physics knowledge into video generation remains
underexplored.

3 Proposed Method

In this section, we now present our framework
for incorporating real-world physics knowledge
into video diffusion models. Given their ability to
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Figure 3: Illustration of graph-conditioned video generation on a latent diffusion model. Video scene graphs are
integrated into attention blocks using cross-attention operations with latent patches, guiding the model to generate

compositional videos that reflect real-world physics.

capture intricate individual trajectories and multi-
entity interactions over time, temporal graphs serve
as a natural choice for encoding relational knowl-
edge to guide video generation. We design a graph-
based representation format to model video frames,
through which we extract graph-structured knowl-
edge from videos using Vision-Language Mod-
els (VLMs), as described in Section 3.1. These
graph-structured representations are then processed
through a combination of text encoders and Graph
Neural Networks (GNNs) before being injected
into the intermediate visual representations of diffu-
sion models via a cross-attention mechanism (Sec-
tion 3.2). To ensure the assimilation of graph-based
knowledge, we introduce a graph-aligned denois-
ing loss that supervises the model to conform to
the provided graphs during video generation (Sec-
tion 3.3).

3.1 Representing Video in Graph-Structure

We begin by transforming video frames from the
training data into graph structures specially de-
signed to represent real-world physics and inter-
actions between entities. Here, to capture such rela-
tional knowledge and temporal dynamics, we em-
ploy a VLM (Wang et al., 2024a) to leverage its gen-
eral commonsense and scene understanding capa-
bilities for graph extraction from videos. To guide
the VLM in generating the desired graph structure,
we adopt the in-context learning scheme (Dong
et al., 2022; Brown et al., 2020); providing detailed
instructions, including example output graphs. The

prompt used for graph extraction is presented in
Figure 1.

The VLM is tasked with predicting three types
of outputs: (1) identifying the total number of en-
tities (nodes) and relations (edges) in each frame,
(2) structuring the graph in the <subject-predicate-
object> format, and (3) inserting two specialized
nodes: a camera node and a context node. The cam-
era node is introduced to encode temporal and dy-
namic information within the graph. The edges
connecting the camera node to other object nodes
capture their movements relative to the camera’s
perspective. For instance, if an object is approach-
ing the camera, this can be described as an edge
with the attribute labeled “heading toward.” Addi-
tionally, the context node is inserted and connected
to all other nodes. It encodes information consis-
tently shared across videos, such as background,
weather, and style. This context node feature is
propagated to all entities during the node embed-
ding acquisition process, which will be described
in the next section. An example of the obtained
graph is illustrated in Figure 2. We demonstrate
the capability of our pipeline to construct valid
graph structures on human-annotated datasets in
Section 4.5.

3.2 Graph-Conditioned Video Generation

Armed with video-graph pair data, we describe
how we process graphs and explicitly condition
graph-structured knowledge within the diffusion
process. First, node and edge representations are
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obtained using text encoders, followed by node
embeddings derived from GNN through message
passing operations to encode entity features. Edge
embeddings are also acquired using a Multi-Layer
Perceptron (MLP), which takes input as the con-
catenation of the subject, predicate, and object at-
tributes. Here, node features from the context node
(connected to all nodes) and predicates with camera
nodes are also involved in the embedding construc-
tion process. For the GNN architecture, without
loss of generalizability, Graph Attention Network
(GAT) (Velickovié et al., 2018; Brody et al., 2022)
is employed as the backbone network. To capture
temporal dynamics, temporal edges are inserted
between graphs when they share common nodes.
Since early-stage representations acquired from the
GNN and MLP may be detrimental to the fine-
tuning process of pre-trained video diffusion mod-
els, we introduce a gating mechanism to incremen-
tally fuse node and edge embeddings. For node and
edge attributes x,, and x. obtained after the text
encoder, we compute their embeddings using the
GNN and MLP as:

h, = x, + tanh (gnode) GNN(x,), “)
he = x, + tanh (gedge) MLP (Xubie|Xe|Xobjie) »
%)

where gnode and gedge are learnable gating parame-
ters initialized to zero and tanh denotes the hyper-
bolic tangent function. Here, Xgup.e and Xop;;e repre-
sent the node attributes of the subject and object of
an edge, respectively. Xqub;e|Xe|Xobj;e denotes the
concatenation of the subject, predicate, and object
attributes.

To adapt a video latent diffusion model to be a
graph-conditional generator, we implement cross-
attention between the node h, and edge embed-
dings h, of graphs and latent spatial patches within
the attention block during the forward pass (Fig-
ure 3). In this process, the spatial patches function
as queries, while the node and edge representa-
tions serve as keys and values. Specifically, for a
latent frame zj, at timestep k, we project node and
edge representations hgk), . ’hl(\’j)l HE| obtained
from the graph neural network with correspond-
ing timestep’s graph with projection function 7y,
where V and E are the set of nodes and edges,
respectively. Then, we conduct cross-attention as

Attention(Q,K,V) = Softmax (Q—g) -V

with:

Q=W i(z), K=Wn0m"), v=wirnl),

(0)
where ;(z;) represents intermediate represen-
tations for a layer ¢ and a frame correspond-
ing to timestep k in the diffusion model,
Wg), W%),Wg,) are linear transforms, and d is
the dimension of query and key vectors. Note
that, after performing cross-attention mechanisms,
we acquire transitional representations for frames
that do not have corresponding graphs at specific
timesteps by interpolating the representations of
temporally adjacent frames.

Similar to the acquisition of node and edge em-
beddings, we also employ a gating mechanism for
cross-attention. Specifically, for a latent frame zj,
and diffusion timestep ¢, we incorporate the results
of cross-attention as:

zj, = zj, + tanh (g;) CA (Zka {hgk)}v> , (D

where t represents the embedding of diffusion
timestep ¢ and g; = gerossLinear(t), with geross ini-
tialized to zero. Here, CA and Linear denote the
cross-attention and the linear layer, respectively.

3.3 Graph-Aligned Denoising Loss (GADL)

While conditioning video scene graphs within the
diffusion process introduces real-world relational
knowledge, it lacks explicit supervisory signals to
ensure strict adherence to the provided graphs dur-
ing video generation. To address this, we propose
Graph-Aligned Denoising Loss (GADL), an ob-
jective function designed to align the conditioned
graphs with the generated videos by incorporat-
ing graph modifications, such as node additions
and deletions, directly into the denoising process.
The intuition behind here is that, given synchro-
nized edited video-graph pairs, the original video
x is forwarded through the diffusion model condi-
tioned on a modified graph, where nodes have been
added or removed. The model is then trained to de-
noise latents according to the modified graph and
align them with the target denoised latent frames
(ground truth), obtained by applying noise to the
paired edited video x’.

GADL builds upon the denoising process in
DDPM (Ho et al., 2020) by leveraging the esti-
mated mean ji;—; at timestep ¢-1, defined as:

fit—1 = po(Xe, ) = \/%7 (Xt - V{B%—@tﬁe(xtatn )
(®)
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Figure 4: An example of a synchronized edited video-graph pair. These paired data are used to guide the diffusion
model in understanding how node additions or deletions on the conditioned graph should influence the video.

where €g(xy, t) represents the model’s noise estima-
tion, (3; is the variance schedule, oy = 1 — 3¢, and
ap = Hi:l as. After estimating the mean fi;_1 at
timestep ¢-1, the GADL objective minimizes the
discrepancy between the predicted mean fi;—1 and
the expected latent posterior ¢(x;_; | x'o), which
corresponds to the noise-added latents of the edited
video (aligned with the modified graph) using iden-
tical sampled noise. The GADL loss function is
formulated as:

LiapL = B x, [Hﬁt—l —E[g(x}_; | ¥0)] HQ]’
©)

where ¢(x}_; | x{) represents the posterior dis-
tribution of latent frames x, derived from syn-
chronized edited video-graph pairs. The identical
noise € ~ N(0,I) is applied to both the original
video x and the edited video x’ during the diffusion
process. By minimizing this loss, GADL enforces
alignment between the denoising process and the
graph-conditioned modifications, ensuring that the
model adheres to the modified graph structure.

To train the model with GADL, we curate syn-
chronized video-graph pairs by applying a video
inpainting model (Li et al., 2022) to video seg-
mentation datasets (Wu et al., 2024; Xu et al.,
2018). Specifically, we use videos where certain
objects are removed along the temporal axis using
the video inpainting model, creating paired graphs
in which nodes corresponding to the deleted ob-
jects are also removed. These edited videos serve
as target latents, enabling the model to learn how
graph modifications correspond to video changes.
This framework also offers a notable advantage:
explicit video controllability through graph modi-
fications. Unlike language-based video editing ap-
proaches, graph structures provide a direct and in-
terpretable means to specify which entities to mod-

ify by adding, replacing, or removing nodes and
their associated relationships.

4 Experiments

The proposed method is validated by fine-tuning
open-source video diffusion models augmented
with graph-structured knowledge. Section 4.1 out-
lines the experimental details, including the fine-
tuning datasets and evaluation protocols. We then
demonstrate the effectiveness of our approach
across multiple aspects using a comprehensive text-
to-video benchmark, evaluating both video quality
and text-video alignment (Section 4.2), as well as
through human evaluation results on public plat-
forms (Section 4.3). Section 4.4 presents a quali-
tative analysis examining: (1) whether our method
promotes the generation of physically plausible
videos; and (2) whether the model indeed under-
stands the given graphs, assessed by modifying the
conditioned graphs and observing the correspond-
ing changes in the generated videos. Lastly, the
accuracy of scene graph prediction using vision-
language models is explored in Section 4.5.

4.1 Experiment Setup

Implementation details Although our proposed
method is compatible with any video latent diffu-
sion model, we employ Open-Sora (Zheng et al.,
2024) and VideoCrafter2 (Chen et al., 2024)
as backbone pretrained models for our experi-
ments. Open-Sora adopts a Diffusion Transformer
(DiT) architecture conditioned on the T5 text en-
coder (Raffel et al., 2020), with weights initial-
ized using the PixArt-q, text-to-image generation
model (Chen et al., 2023). Temporal attention lay-
ers are inserted into the model. VideoCrafter2
also utilizes the 3D-UNet, built upon Stable Dif-
fusion (Rombach et al., 2022a), one of the most
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Table 1: Text-to-Video evaluation results on VBench across seven distinct dimensions. Model size denotes the
number of parameters. The best performance is highlighted in bold.

Models Model Multiple Object Human Color Dynamic Motion Temporal
Size Objects Class Action Degree Smoothness Flickering
ModelScope (Wang et al., 2023) 2B 38.98 82.25 92.40 81.72 66.39 95.79 98.28
LaVie (Wang et al., 2024c) 3B 30.93 90.68 95.80 85.69 46.11 97.82 98.77
Show-1 (Zhang et al., 2024) 6B 45.47 93.07 95.60 86.35 44.44 98.24 99.12
VideoCrafter2 (Chen et al., 2024) 1.6B 40.66 92.55 95.00 92.92 42.50 97.73 98.41
HiGen (Qing et al., 2024) 1.5B 22.39 86.06 86.20 86.22 99.17 96.69 93.24
AnimateDiff-V2 (Guo et al., 2024) - 36.88 90.90 92.60 87.47 40.83 97.76 98.75
InstructVideo (Yuan et al., 2024) 2B 21.57 73.26 85.20 77.14 69.72 96.62 98.19
TF-T2V (Wang et al., 2024b) 2B 18.09 72.31 79.00 74.00 36.94 98.17 98.79
Open-Sora (Zheng etal.,2024) 08B 33.64 7498 8500 7815 4861 9561 98.41
Open-Sora+Ours 09B 37.04 (+3.40) 83.47 (+8.39) 86.33 (+1.33) 80.58 (+2.43) 52.08 (+3.47) 95.83 98.43
VideoCrafter2 (Chen et al., 2024) 1.6B 42.15 90.82 92.00 88.60 48.61 97.78 98.04
VideoCrafter2+Ours 1.7B 42.68 (+0.53) 96.12 (+5.30) 98.00 (+6.00) 92.35 (+3.75) 50.00 (+1.39) 98.06 98.48

Node replacement

P/ 83|
O Node: “astronaut”

. Node: “dog”

Nodes: Astronaut, Headphones, Music Player
Predicates: (Astronaut, wearing, Headphones), (Headphones,

connected to, Music Player), (Astronaut, listening to, Music)
Context Node: Highly Detailed 4k

.

O Node: “golden retriever” . Node: “bulldog”

Nodes: Golden Retriever, Ice Cream, Beach, Sunset

Predicates: (Golden Retriever, eating, Ice Cream), (Golden
Retriever, on, Beach), (Beach, under, Sunset), (Ice Cream, held by,
Golden Retriever)

Context Node: Beautiful Tropical Beach at Sunset

Figure 5: Qualitative analysis of graph modification. Node replacement (red) induces changes only to the modified
entities, while the rest of the scene remains consistent with the original graph structure and relations.

widely used text-to-image generation models. For
our experiments, these models are fine-tuned on
our curated video-graph pair dataset, with no archi-
tectural modifications except for the integration of
the graph knowledge injection path. For baseline
evaluation, we follow the evaluation protocols of
Open-Sora and VideoCrafter2. Experimental de-
tails are provided in Appendix B.

Dataset We train the video latent diffusion model
guided by a graph-structured format to ensure the
generated video aligns with the conditioned graphs.
For this purpose, we utilize a synchronized edited
video-graph pair dataset (Wu et al., 2024), which
comprises video object segmentation datasets -
YouTube-VOS (Xu et al., 2018) and A2D Sen-
tences (Gavrilyuk et al., 2018), and MeViS (Ding
etal., 2023). For both the original and edited videos,
we extract graphs representing videos using the
Qwen2-VL (Wang et al., 2024a) model, as detailed
in Section 3.1. Examples of video-graph pairs are
presented in Figure 4 and Appendix E.

Evaluation protocols Our method is evaluated
on VBench (Huang et al., 2024), and a user study is
conducted. VBench is a comprehensive benchmark
suite for video generation that provides multiple
well-defined dimensions for fine-grained evalua-
tion. Each dimension category is equipped with a
distinct prompt suite and evaluation metric, which
have been demonstrated to be well aligned with hu-
man perception. To show that our method improves
semantic alignment while preserving video qual-
ity, dimensions related to both semantic alignment
and visual quality are selected. For the user study,
the win rate between the baseline and our method
is reported. The detailed procedure is provided in
Appendix B.4.

4.2 Quantitative Results: Comprehensive
Benchmark for Video Generative Model

As shown in Table 1, we evaluate the quality
of our generated videos on VBench across seven
distinct dimensions. Our method consistently im-
proves overall performance by 3.1% for Open-Sora
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Text Prompt: A boat accelerating to gain speed.

Open-Sora

Text Prompt: A cat drinking water.

Open-Sora

Figure 6: Qualitative comparison of object compositionality and physical plausibility. For each prompt, the
top row shows videos generated by Open-Sora (Zheng et al., 2024), and the bottom row shows results with graph-
structured guidance (ours). Open-Sora exhibits compositional inconsistencies, where objects may disappear or
appear (e.g., the boat vanishing). It also generates physically implausible behaviors, such as water flowing upward
while a cat is drinking. In contrast, our method preserves object consistency across frames and generates motion
that better respects real-world physical constraints, resulting in more plausible and coherent videos.

and 4.8% for VideoCrafter2, indicating that incor-
porating graph-structured knowledge into the gen-
erative model is beneficial for generating realistic
videos. To further assess the generated videos from
different perspectives, we employ additional met-
rics provided in Appendix C.

4.3 User Study for Real-world Fidelity

We also conduct a human evaluation on the Prolific
platform (20 participants) using videos generated
by both the baseline and our approach (baseline +
Ours). Participants are shown a total of 50 videos,
randomly sampled from multiple dimensions of
text prompts for video generation, and are asked
to choose the preferred video based on visual qual-

ity, text-video alignment, and realism in simulating
real-world scenes. In Figure 8, our method is pre-
ferred in 79.50% of the comparisons on average for
Open-Sora and VideoCrafter2, indicating stronger
alignment with human preferences and a more ac-
curate depiction of real-world scenes.

4.4 Qualitative Analysis

Generated video examples We conduct a case
study to demonstrate that our framework enables
the model to generate more physically plausible
videos resembling real-world dynamics. Example
results, compared to the baseline (Zheng et al.,
2024), are provided in Figure 6 and Appendix D.
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Node addition / deletion

Add O Node: “duck”

Nodes: duck, duck (added)
Predicates: (duck, swimming in, water)
Context Node: Body of Water

”»

Delete {__}Node: “golden retriever” {__) Node: “ice cream

Nodes: GoldenRetriever, fee-Cream, Beach, Sunset

Predicates: (Golden Retriever, eating, Ice Cream), (Golden
Retriever, on, Beach), (Beach, under, Sunset), (Ice Cream, held by,
Golden Retriever)

Context Node: Beautiful Tropical Beach at Sunset

Figure 7: Qualitative analysis of graph modification. Node addition and deletion (red) introduce or remove entities,

while maintaining coherent scene composition.

100

[ Baseline
go| T Ours

60

40

Win Rate (%)

20

0

OpenSora VideoCrafter2

Figure 8: Human evaluation results on Open-Sora and
VideoCrafter2. Win rates (%) of the baseline and our
method from human preference judgments. Our method
achieves higher win rates across both backbones, indicat-
ing better text-video alignment and perceptual realism.

Graph modification We examine whether the
proposed Graph-Aligned Denoising Loss and
graph-structured conditioning enable the model
to comprehend the conditioned graph structures.
To this end, we apply node-level modifications -
replacement, addition, and deletion - to the input
graph and observe the corresponding changes in
the generated videos. As shown in Figures 5 and 7,
the model adjusts only the modified entities while
accurately expressing the rest of the graph structure.
For example, in Figure 7, adding a node of the same
class as an existing one results in two distinct enti-
ties that maintain proper spatial separation. When
two nodes are removed, the video clearly omits the
corresponding objects while naturally rendering the
remaining content.

4.5 Video Scene Graph Accuracy

To assess the stability and accuracy of the graph-
extraction pipeline, built upon the commonsense
reasoning capabilities of vision-language mod-

els, experiments are conducted on 50 randomly
sampled scene graphs from two human-annotated
video-graph datasets: ImageNet-VidVRD (Jiang
et al., 2024) and VidOR (Shang et al., 2019). As
shown in Table 2, the proposed pipeline achieves
competitive scene graph prediction performance
on both benchmarks, with notably high precision
scores, indicating a low rate of hallucinated predic-
tions. Notably, the evaluation setting is particularly
challenging, as performance is reported using top-
1 and top-5 recall rather than recall@20. These
metrics provide a stricter and more demanding as-
sessment of scene graph prediction quality.

Table 2: Accuracy of our video scene graph extrac-
tion pipeline, evaluated by vision-language models on
human-annotated video graph datasets.

ImageNet-VidVRD VidOR

Models Precision Recall@l Recall@5 | Precision Recall@l Recall@5
Qwen2-VL  0.8138 0.5724 0.6485 0.7024 0.6090 0.6410
Qwen3-VL  0.8080 0.6304 0.6449 0.7755 0.6569 0.6827

5 Conclusion

We presented a novel framework for empowering
text-to-video diffusion models through the integra-
tion of temporal graph-structured knowledge, ad-
dressing limitations in real-world physics fidelity
and compositional entity interactions. By incorpo-
rating video scene graphs with specialized node
types and introducing the Graph-Aligned Denois-
ing Loss, our method improves the generation of
realistic and compositional videos. Experimental
results showed significant improvements in object
composition, and qualitative analyses confirmed
that the model generates realistic videos.
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Limitations

While our framework demonstrates its ability to em-
power the video diffusion models to generate realis-
tic and physically plausible videos, we have not yet
explored its applicability to long video generation -
a challenging direction for future work. Maintain-
ing temporal coherence over extended sequences
remains a fundamental problem in text-to-video
synthesis; longer videos often suffer from repetitive
or monotonous content despite increased duration.
A promising avenue lies in extending our approach
to longer videos by leveraging the predictive poten-
tial of video scene graphs - inferring future graphs
from current ones to guide the generation process
over time. This could enable models to anticipate
scene progression and generate temporally consis-
tent, narrative-driven content. Advancing in this
direction would further establish graph-structured
knowledge as a key component for scalable and
physically grounded video generation.
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Appendix
A Computation Overhead Analysis

Averaged wall-clock time comparisons between the
proposed method and baseline backbone models
for video generation are reported, measured on a
single NVIDIA RTX A6000 GPU. The total wall-
clock time is decomposed into two components:
graph extraction and video generation. The pro-
posed method increases the video generation time
from 30.98 s to 33.68 s for VideoCrafter2, and from
95.55 s to 107.29 s for Open-Sora, with an addi-
tional 3.41 s incurred for graph extraction. While
graph conditioning introduces modest overhead,
this analysis clarifies the Pareto trade-off between
computational cost and performance.

Table 3: Computational overhead analysis in wall-clock
time (seconds).

Models Graph extraction Video generation
VideoCrafter2 - 30.98
VideoCrafter2 + Ours 341 33.68
Open-Sora - 95.55
Open-Sora + Ours 341 107.29

B Experimental Setup
B.1 Dataset Statistics

wdining tablc

I holdir

standlngd
standing’on

_sitting ()n\
watchlng%,e

l\ ing on g%
cllmbmgon (\
SRS o o )l

surrounded by

Qwalklng’ on

swimming in
|()()l\lll at

Figure 9: Word clouds of nodes and edges.

Our dataset comprises a total of 10,977 video-
graph pairs, with 5,833 nodes and 1,415 edges.
Word clouds reflecting word frequency are shown
in Figure 9. Among nodes, terms like ‘man’, ‘per-
son’, and ‘woman’ appear frequently, while, for
edges, camera-related terms such as ‘moving to-
wards’ and ‘moving away from’ are common.

B.2 Backbone architectures

We use Open-Sora (Zheng et al., 2024) and
VideoCrafter2 (Chen et al., 2024) as our backbone
architectures. Both Open-Sora and VideoCrafter2
extend the image generative diffusion models,
PixArt-a (Chen et al., 2023) and Stable Diffu-
sion (Rombach et al., 2022a), respectively, by

adding temporal attention layers at each block.
Specifically, Open-Sora consists of 28 blocks, each
incorporating spatial and temporal self-attention,
cross-attention with text representations, and feed-
forward networks.

B.3 Training details

The following describes the hyperparameters and
fine-tuning protocols. For Open-Sora (Zheng et al.,
2024), the model is fine-tuned with a learning rate
of 2 x 107° at a video resolution of 512x512. For
VideoCrafter2, the pretrained model is also fine-
tuned with a learning rate of 1 x 107> at a video
resolution of 320x512. The GADL weight is set to
0.2 for both architectures.

You are invited to participate in a research
study evaluating videos generated by Al
models. In this study, you will assess 50 videos.
For each pair, you will be presented with a text
prompt and two corresponding videos.

Your task is to:

Select the video that is overall superior, consid-
ering: visual quality, alignment with the given
prompt, and realism of motion and adherence
to physical laws (i.e., the video should depict
motions that are plausible and not violate
the laws of physics). We recommend making
your selection within 25 seconds per pair to
maintain focus and reduce fatigue.

This study aims to enhance our understanding
of Al models’ capabilities in producing visually
appealing and semantically accurate videos.
There are no right or wrong answers, and please
provide your honest opinion. Your responses
will remain anonymous and will be used solely
for research purposes.

B.4 User study details

We perform a user study via the Prolific platform to
evaluate the realism, overall quality, and text—video
alignment of the generated videos. Specifically, for
each text-to-video model, we randomly sample 50
generated videos from ours and the baseline using
VBench (Huang et al., 2024). We recruit 20 paid
participants from diverse countries through Pro-
lific. During recruitment, we provide participants
with detailed information and clear instructions,
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as shown above. For each video pair, participants
are asked: “Considering both video quality and
alignment with the prompt, which video is better
overall?” Each participant is compensated at a rate
of £6 per hour.

C Additional Alignment Evaluation

The method is evaluated using diverse alignment
metrics: CLIP-T, CLIP-I, and DINO-I, following
Fernandes et al. (2025). In Table 4, our method
outperforms the baseline across all metrics. Inter-
estingly, the performance gain is more pronounced
on DINO-I. This is because DINO representations
align more closely with human judgments and cap-
ture object-level information within frames more
effectively than CLIP.

Table 4: Alignment evaluation results with Open-Sora.

Method CLIP-T CLIP-I DINO-I
Open-Sora 0.2942 09831  0.9495
Open-Sora+Ours  0.2951  0.9856  0.9601

D Qualitative Study of Generated Videos

We present qualitative examples to highlight the
effectiveness of our graph-conditioned video gener-
ation framework. We compare our method (Open-
Sora (Zheng et al., 2024) + Ours) against the base-
line Open-Sora across a diverse set of text prompts,
focusing on two major aspects: object composition-
ality and physical plausibility. For each prompt,
we visualize the generated videos as a sequence
of frames. Each video sample has a duration of 2
seconds at 8 FPS (frames per second), resulting in
a total of 16 frames per video. In each figure, we
display every third frame in temporal order (i.e.,
frames indicate 0,3,6,9,12,15) to represent the tem-
poral progression of the video.

Object Compositionality Scenarios. Figure 6
(top) and Figure 10 (top) show qualitative compar-
isons on scenarios that require consistent handling
of multiple objects throughout the video sequence.
In Open-Sora, we observe frequent failures in ob-
ject persistence and composition where objects may
spontaneously vanish (e.g., the boat disappears in
the latter frames) or appear inconsistently (e.g., the
rider vanishes from the horse). These artifacts re-
flect the model’s lack of explicit understanding of
entity relationships and scene structure, leading to
videos that are misaligned with the input prompt
and real-world plausibility.

Our method addresses these issues by condi-
tioning the generation process on explicit scene
graphs that capture the relationships, dynamics,
and context of entities within each frame. As a
result, our approach produces videos with con-
sistent object presence and accurate interactions,
eliminating spurious object disappearance or emer-
gence. This demonstrates the benefit of leveraging
graph-structured knowledge to enforce composi-
tional fidelity and maintain global scene coherence
throughout the generated sequences.

Physically Implausible Scenarios. Figure 6
(bottom) and Figure 10 (bottom) highlight the cases
where the Open-Sora generates physically unrealis-
tic motions or dynamics. In the “cat drinking wa-
ter” example, the water stream unnaturally flows
upward against gravity. In the “motorcycle cruis-
ing” example, the Open-Sora erroneously generates
reversed background motion, making it appear as
though the motorcycle is moving backwards, which
violates real-world physical constraints.

In contrast, our method generates videos that bet-
ter respect real-world physics and object dynamics.
The generated frames exhibit natural water flow
and correct motion alignment between the subject
and background, leading to more plausible and co-
herent visual outputs. These results validate that ex-
plicit relational and temporal guidance from scene
graphs can substantially improve the physical re-
alism and fidelity of text-to-video models beyond
what is achievable through text-only conditioning.

E Examples of Synchronized Edited
Video-Graph Pair

Figure 11 presents example data points of the syn-
chronized edited video-graph pairs used for model
training (see Section 4.1 and Figure 4). Each pair
consists of an original video and scene graph, along-
side an edited version in which specific nodes (ob-
jects) have been removed from the graph and the
corresponding video. In the visualization, deleted
objects are indicated by a white dotted box for
clarity. These synchronized pairs provide direct
supervision for learning how modifications in the
conditioned graph (such as node deletion) should
be reflected in the generated video. This enables
the model to establish a strong correspondence
between graph structure and visual content dur-
ing training, as discussed in our proposed Graph-
Aligned Denoising Loss (GADL), in equation (9).
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Text Prompt: A person is riding or walking with horse.

Open-Sora

Text Prompt: A motorcycle cruising along a coastal highway.

Open-Sora

Figure 10: Qualitative comparison of object compositionality and physical plausibility. For each text prompt,
the top row shows videos generated by Open-Sora (Zheng et al., 2024), while the bottom row shows videos
generated by Open-Sora guided by graph-structured knowledge (ours). In the horse-riding example, our method
better preserves the compositional relationship between the person and the horse across frames. In the motorcycle
example, Open-Sora produces physically implausible motion patterns, such as reversed background motion that
gives the impression of the motorcycle moving backward. In contrast, our method generates motion dynamics that
better respect real-world physical constraints and directions, resulting in more plausible videos.
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Figure 11: Examples of synchronized edited video-graph pair. For each example, Left: the original and edited
scene graphs, and Right: sampled frames from the corresponding original and edited videos. These paired data

are used to guide the model to reflect node deletions in the conditioned graph during training. A white dotted box
indicates a deleted object.
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