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Abstract

While recent video generative models can syn-
thesize high-fidelity videos, they struggle to por-
tray plausible physical interactions and the result-
ing state transitions, a critical bottleneck for ap-
plications in robotics and VR/AR. To address this,
we introduce a framework to generate a scalable
synthetic dataset of controllable interactions. Our
pipeline leverages a structured taxonomy and state-
of-the-art image editing models to create explicit
‘start’ and ‘end’ state images, which serve as vi-
sual anchors for the interaction. To generate a
seamless video utilizing these anchors, we propose
State-Guided Sampling (SGS), a novel sampling
technique that mitigates artifacts common in naive
conditional generation. Furthermore, we develop
and validate a new automated evaluation system
that aligns with human judgments to ensure data
quality. Experiments show that fine-tuning a base
model on our dataset significantly enhances its abil-
ity to generate plausible interactions.

1 Introduction

Recent advances in video generative models [Ho er al., 2022;
Kong er al., 2024; Wan, 2025] have enabled the synthesis
of high-fidelity videos. This capability has led to growing
exploration of their use in applications, e.g., world models
for robotics [Agarwal et al, 2025] and developing immer-
sive content for virtual and augmented reality (VR/AR) [Wu
et al., 2025; Liu et al., 2025b]. Despite their visual fidelity,
current models often hallucinate physical laws, lacking the
causal consistency required for robotic world models to re-
liably predict action-outcome dynamics. By anchoring gen-
eration between explicit start and end states, our framework
bridges this gap, enabling the synthesis of physically valid
transitions essential for embodied Al.

To address this issue, some studies have incorporated aux-
iliary conditions, such as segmentation maps [Akkerman et
al., 2025] or used LLM to improve physical fidelity [Xue et
al., 2025; Zhang et al., 2025a]. Others have focused on fine-
tuning models on newly collected, large-scale human-object
interaction datasets [Liu et al., 2025a].

Nevertheless, methods using auxiliary conditions lack gen-
eralizability, while data-driven approaches are constrained by
the limited scope of existing datasets. Manually curating
large-scale datasets is prohibitively costly, making synthetic
data a viable alternative. -However, generating high-quality,
diverse, and physically plausible synthetic interactions re-
mains an open challenge.

In this work, inspired by the recent success of training
LLMs with synthetic data [Li et al., 2024a; Zhao et al., 2025],
we propose a framework for constructing a dataset to improve
the capacity of video generative models in synthesizing phys-
ically plausible interactions and subsequent object state tran-
sitions as shown in Figure 1. Specifically, we first define a
taxonomy for generating prompts that describe plausible in-
teractions, comprising attributes such as the interactable ob-
ject and the type of state transition-oriented interaction. How-
ever, we identified a key challenge in directly applying these
prompts to video generation models, as the resulting outputs
often fail to accurately depict the intended interactions.

Therefore, we incorporate an intermediate image genera-
tion step to ensure fidelity. Instead of direct text-to-video
synthesis, we first generate an initial image from the prompt.
Following that, a state-of-the-art image editing model alters
this image to reflect the object’s subsequent state change ac-
cording to the given interaction. The video generation is then
conditioned on this pair of images, which clearly defines the
start and end states of the interaction.

However, we observe that relying solely on the pair for the
first-to-last frame generation often leads to undesirable arti-
facts, including abrupt scene changes or unnatural transfor-
mations that compromise the video’s temporal consistency.
To address this challenge, we propose State-Guided Sampling
(SGS), a novel sampling method designed to guide the model
toward a smooth and plausible state transition.

To validate our approach, we develop an automated sys-
tem to evaluate interaction quality, confirming its reliabil-
ity against human judgments. Our experiments show that
a model fine-tuned on our curated dataset significantly en-
hances its capability to generate complex interactions. Our
main contributions are as follows:

* We introduce a novel pipeline to construct a synthetic
dataset for diverse object interactions, based on a struc-
tured taxonomy and state-of-the-art image editing models
that create explicitly ‘start’ and ‘end’ state images.
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Figure 1: Overview of Interaction-Centric Video Dataset Generation Pipeline.

* We propose State-Guided Sampling (SGS), a novel sam-
pling strategy that mitigates visual artifacts and guides
video models to generate seamless state transitions.

* We develop a model-based evaluation system to assess
interaction quality in generated videos, and validate its
alignment with human judgments to ensure data quality
and facilitate scalable dataset curation.

* We release the dataset, data generation pipeline, and eval-
uation tools to the public at this github page.

2 Related Works

2.1 Video Generative Model

Early video diffusion models evolved from U-Net archi-
tectures by incorporating separate temporal modules [Ho
et al.,, 2022; Blattmann et al., 2023; Guo et al., 2023;
Xing et al., 2023; Hong et al., 2022]. The subsequent emer-
gence of the Diffusion Transformer (DiT) architecture [Pee-
bles and Xie, 2023] unified spatial and temporal modeling
into a single backbone [Ma et al., 2024], demonstrating supe-
rior scalability in modeling complex dynamics. While recent
DiT-based models [Liu et al., 2024b; Zheng et al., 2024;
Yang et al., 2024; Kong et al., 2024; Wan, 2025] excel in vi-
sual fidelity, they often exhibit limitations in accurately cap-
turing physical laws and interactions, particularly under out-
of-distribution (OOD) prompts [Xue et al., 2025].

2.2 Generating Dynamic Interactions in Videos

Prior works on interaction generation face trade-offs be-
tween controllability and generality. For example, Inter-
Dyn [Akkerman et al., 2025] uses segmentation maps for
fine-grained control, which limits its applicability. Similarly,
HOIGen [Liu et al., 2025a] is constrained to the human-
object interaction domain. Another line of research focuses
on injecting knowledge into the models. Approaches like
PhyT2V [Xue et al., 2025] utilize MLLMs to iteratively re-
fine prompts, but this does not enhance the internal capabil-
ities of the generative model itself. DiffPhy [Zhang et al.,

2025a] enhances training prompts with physically-grounded
descriptions from an LLM, while VideoREPA [Zhang et al.,
2025b] injects physical knowledge via representation match-
ing from a video encoder. However, these methods are fun-
damentally oriented towards acquiring knowledge from real-
worlddata, thus limiting their capacity to generate novel and
creative interaction scenarios.

In contrast, our work decouples the generation process
from the dependency on existing video datasets. We achieve
this by introducing a new form of general-purpose controlla-
bility, which utilizes ‘start’ and ‘end’ images as result-driven
visual anchors to precisely define an interaction’s outcome.
This novel control mechanism is the key that enables our scal-
able, synthetic dataset generation framework, capable of gen-
erating high-quality, novel, and creative interactions.

2.3 Synthetic Dataset Generation

While the performance of large-scale generative models re-
lies heavily on the amount of high-quality data, the grow-
ing challenges of collecting and curating real-world datasets
have made the use of synthetic data an increasingly essen-
tial research direction. Early works leveraged synthetic data
to induce novel capabilities; LLaVa [Liu er al., 2023] used
image metadata to create visual instruction-tuning data, and
InstructPix2Pix [Brooks et al., 2023] built datasets by refin-
ing ambiguous prompts. The approach employing LLM has
been further advanced through self-improvement methods
that enhance performance via self-correct [Liu et al., 2024a;
Welleck et al., 2022] and filtering [Li et al., 2024b]. Build-
ing on these ideas, subsequent works like GLAN [Li er al.,
2024a] and Absolute-Zero [Zhao et al., 2025] have even elim-
inated the need for initial seed data. Inspired by this line
of research, we propose a framework that generates and fil-
ters a synthetic dataset specialized for interaction and state
change. Our framework uniquely leverages image genera-
tion and editing models, in conjunction with our State-Guided
Sampling method, to create high-quality, targeted data.


https://hagiss.github.io/synthetic-state-transitions
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(a) A person wearing gloves picks up the spray paint can and carefully

sprays a vibrant, glossy coat over the daffodil's petals and stem,
transforming its appearance in the evening garden.

(b) A person picks up the yellow sponge and thoroughly scrubs the
kitchen counter, removing the layer of grime to reveal a spotless,
gleaming surface.

Figure 2: Qualitative Evaluation. The red arrow indicates abrupt frame changes, while the plus (+) denotes our fine-tuned model.

3 Synthetic Interaction Video Generation

To generate high-fidelity videos of complex interactions, we
propose a multi-stage data generation pipeline. Our approach
is designed to overcome the limitations of direct text-to-video
synthesis by ensuring both semantic accuracy and temporal
consistency. The pipeline consists of three main stages: (1)
structured prompt generation based on a custom taxonomy
focusing on state transitions, (2) synthesis of ‘start’ and ‘end’
state image pairs using state-of-the-art image editing, and (3)
temporally coherent video generation guided by the proposed
State-Guided Sampling (SGS) technique. Figure 1 overviews
our proposed dataset generation pipeline, where each stage
is designed to address key challenges in generating plausible
object interactions, as detailed in the following subsections.

3.1 Taxonomy-Guided Prompt Generation

To generate diverse scenarios and avoid the bias of naive
LLM querying towards common interactions (e.g., holding
a cup), we introduce a structured prompt generation process.
We utilize a custom taxonomy inspired by ImageNet [Deng er
al., 20091, covering approximately 1,300 objects and 500 in-
teraction types organized by physical outcomes (e.g., Defor-
mation). Our process employs two complementary sampling
strategies. Object-centric sampling randomly pairs objects
and uses an LLM to validate plausibility and generate state
changes, facilitating the discovery of novel scenarios. Con-
versely, interaction-centric sampling generates diverse object
combinations for specific interactions using localized con-
texts to prevent repetition. This dual strategy yields struc-
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tured tuples of (objectl, object2, interaction, state
change). Taxonomy details are provided in the Appendix.

3.2 Interaction-State Image Pair Synthesis

While the structured tuple provides a clear semantic descrip-
tion, direct text-to-video synthesis often fails to faithfully ren-
der the specified interaction and its precise state transition. To
address this, we adopt an image-to-video framework that re-
lies on explicit visual conditions. The generated tuple in Sec-
tion 3.1 is used to synthesize a pair of images: a ‘start’ image
depicting the scene prior to the interaction, and an ‘end’ im-
age reflecting the object’s state change.

To synthesize a sample, we first use the tuple to compose a
detailed prompt for a text-to-image model to generate the ini-
tial frame. Subsequently, the state change component
of the tuple guides a state-of-the-art image editing model to
modify the initial image into the final frame. This resulting
image pair provides strong visual anchors that explicitly de-
fine the start and end points of the interaction for the video
generation model. We use GPT-40 [Hurst et al., 2024] for
prompt generation, image creation, and editing.

3.3 State-Guided Sampling

Given the ‘start’ (first-frame) and ‘end’ (last-frame) images,
the next stage is to synthesize a video that plausibly and
seamlessly connects these two states while representing the
prompt. The primary challenge is balancing global guid-
ance toward the end state with local, frame-to-frame tem-
poral coherence. An I2V model (start-frame conditioned)
provides local coherence but lacks global direction, whereas
an FLF model (start-and-end-frame conditioned), which is
equivalent to a video infilling model [Hoppe et al., 2022], has
strong global guidance but can produce artifacts. To resolve
this trade-off, we introduce State-Guided Sampling (SGS),
a novel sampling technique that dynamically combines the
velocity fields of an 12V model (v;) and an FLF model
(vr). SGS performs vector field interpolation within the flow-
matching framework [Lipman ef al., 2022]. Analogous to
Classifier-Free Guidance [Ho and Salimans; 2022], blend-
ing the locally-coherent field v; and the globally-constrained
field vp steers the generation trajectory within the valid data
manifold, satisfying both initial and terminal conditions. Our
final velocity field, v,4s, is defined as a dynamic, frame-wise
weighted sum of the two as follows:

Usgs(zta t, CI) = (1 _W)QUF (Zh t, C/)+W®vl(2ta t, C)7 (D

where © denotes the frame-wise product, W is the frame-
wise weight. c represents the condition for the prompt and
start image, and ¢’ further includes the last image. We find
that naively linearly interpolating the velocity fields creates a
‘ghosting effect’ as shown in Appendix, a translucent over-
lay of the start and end states where the FLF model’s rigid
guidance conflicts with local temporal consistency. To allevi-
ate this, we design a dynamic frame-wise weighting scheme
where the weight Wy for each frame index f to smoothly
transit the model’s reliance from global guidance to local co-
herence, calculated using a normalized exponential curve:

|
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Figure 3: VLM-Human Rating Correlation.

where F' is the total number of frames. The interpolation be-
gins with a starting weight « to ensure an initial blend of both
models and concludes with 5 = 1.0, allowing the 12V model
to dominate the final frames for a coherent finish. The param-
eter k controls the curve’s steepness, determining how long
the FLF model’s stronger state guidance is maintained. We
set &« ='0.5 and k£ = 5.0 in our experiments. In essence, SGS
resolves the conflict between global and local objectives by
utilizing the FLF model’s trajectory guidance and gradually
shifting to the I2V model’s strength in visual consistency, ul-
timately producing a plausible and seamless state transition.

4 Interaction Quality Assessment

Holistically evaluating whether a generated video contains
plausible interactions and state transitions is crucial, yet
a standardized metric is currently lacking. Existing met-
rics are often limited to specific domains and fail to cap-
ture semantic plausibility. Therefore, we identify the need
for a comprehensive framework capable of assessing the di-
verse aspects of quality of generated dynamic events. This
section introduces our proposed hybrid evaluation frame-
work, which combines the semantic understanding of a large
Vision-Language Model (VLM) with specialized, auxiliary
features to ensure robust and reliable assessment.

4.1 Ciriteria for Interaction Quality

To overcome the limitations of prior metrics, we first define
a framework that assesses video quality across four key cri-
teria. The first, Interaction Presence & Clarity, evaluates
whether the specified interaction occurs and is unambigu-
ously depicted in the video. The second criterion, Interaction-
State Causality, assesses if the object’s state transition is a di-
rect and causal consequence of the specified interaction. The
third, Physical Plausibility, determines if the object’s motion
and the interaction’s outcome adhere to physical principles.
The last criterion, Temporal Continuity, checks for a smooth
and consistent flow, free of visual artifacts such as dissolves,
scene cuts, or distortions.
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F1(Good) F1(Bad) MacroF1 AUC
VideoPhy2 0.00 0.80 0.40 0.57
Base 0.53 0.80 0.66 0.71
(a) + Prefilter 0.59 0.77 0.68 0.72
(b) + PC score 0.60 0.78 0.69 0.72
(c) + Surprise 0.61 0.79 0.70 0.73
(d) + PP 0.61 0.79 0.70 0.76
(e)+QC 0.63 0.80 0.71 0.77

Table 1: Ablation Study on SVM Inputs. PP and QC denote the
features from Plausibility Probe and Quality Classifier, respectively.

4.2 VLM-Assisted Evaluation and Limitations

We initially used a VLM (Gemini-2.5-Pro [Comanici et al.,
2025]) to score videos from 1 to 5 across our four criteria,
validating it against 1,146 human-annotated videos. Pearson
correlation was strong in semantic like Clarity (p = 0.54),
and Causality (p = 0.49). but weaker for Plausibility (p =
0.37) and Continuity (p = 0.31). It shows that using VLM
only for evaluation is not sufficient to match human judgment.

4.3 Enhanced Evaluation with Auxiliary Features

To enhance the reliability of our framework, we adopt a hy-
brid approach by integrating auxiliary features for compen-
sating weaker criteria. Specifically, to augment Physical
Plausibility and Temporal Continuity, we use two external
features: Physical Commonsense score [Bansal et al., 2025]
from a specialized VLM and Surprising score [Garrido et
al., 2025] from a pre-trained V-JEPA 2 model. Furthermore,
we incorporate predictions from our own trained Plausibil=
ity Probe (PP) and Quality Classifier (QC) as additional fea-
tures, which are lightweight attention modules trained on V-
JEPA?2 to predict the human-annotated physical plausibility
scores and quality labels, respectively. Lastly, we utilize a
dedicated temporal artifact detector, which is detailed in the
following subsection. We experimentally verify the effective-
ness of each auxiliary feature in Section 5.2.

4.4 Temporal Artifact Detection for Continuity

A persistent challenge that degrades Temporal Continuity is
the occurrence of abrupt scene transitions or dissolve artifacts
in generated videos. While we initially investigated using a
powerful VLM for this task, we found it was unable to re-
liably detect such sudden and unnatural scene changes. To
this end, we employ a frozen V-JEPA 2 [Assran ef al., 2025]
model as a feature extractor and train a transformer-based at-
tention classifier for a binary classification task.

For the detector, we constructed a synthetic dataset by ap-
plying one of three distinct augmentations to video clips from
the UCF-101 dataset [Soomro et al., 2012], which suffices
for learning low-level structural discontinuities independent
of high-resolution semantics. Each process simulates a dif-
ferent type of temporal artifact described as follows.
Cross-Fade Transition is an alpha blending transition ap-
plied between two clips, where the start time and duration of
the fade are randomized.

Hard Cut simulates an abrupt scene change by concatenating
segments from two distinct videos at a randomized temporal

midpoint without any blending.

Intra-Scene Displacement creates continuity errors that
mimic a camera jump. A video clip is cut at a random point,
the entire second segment is spatially translated, and the two
segments are then rejoined with a brief cross-fade. A detailed
performance evaluation is given in Appendix.

S Experiments

To evaluate our dataset and methodology, we select the state-
of-the-art open-source model, Wan 2.1 [Wan, 20251, as our
base model for fine-tuning. Its strong performance in Image-
to-Video (I2V) generation makes it a suitable foundation for
validating our proposed contributions. For performance com-
parison, we benchmark against two strong baselines: Hun-
yuanVideo [Kong et al., 2024] and PhyI2V! adapted from
PhyT2V [Xue et al., 2025].

5.1 Dataset Construction Details

Our synthetic dataset is built through an iterative generation
and curation process as an offline data engine, where the one-
time generation cost-is effectively amortized by the down-
stream model efficiency. We first generate an initial pool of
1,146 videos from 191 prompts using six different sampling
methods (I2V, FLF, and four SGS with varying settings of
«). This initial set undergoes detailed human annotation by
the domain experts, who provide (1) a binary ‘Good’/‘Bad’
quality label, (2) 1-5 scores for our four proposed criteria
(Clarity, Causality, Plausibility, Continuity), and (3) a rel-
ative ranking of the generated videos per prompt. The fi-
nal ‘Good’/‘Bad’ labels are determined by majority vote, and
the criterion scores are averaged. This high-quality, human-
filtered data is then used to fine-tune the base model in a
lightweight manner [Hu ef al., 2022].

To construct the complete dataset, we employ both original
and fine-tuned models to generate an additional 4,971 videos
from 1,018 new prompts. This expanded set is then curated
using our automated evaluation system detailed in Section
4. The final training dataset combines the initially human-
filtered samples from the bootstrapping phase with the videos
that successfully passed our automated filtering process. The
final training set consists of 1,525 videos from 681 prompts, a
volume we believe is sufficient for effective alignment [Zhou
et al., 2023]. Each video has 81 frames and is 5 seconds long.
A held-out set of 105 prompts is used for validation.

5.2 Reliability of Evaluation Framework

To validate the reliability of the proposed evaluation frame-
work, we use the 1,146 human-annotated videos from our
bootstrapping set as the ground truth for this analysis. Our
final goal for the evaluation pipeline is to train an SVM clas-
sifier [Hearst ef al., 1998] on the proposed features to accu-
rately predict the human ‘Good’/‘Bad’ labels.

We conducted an ablation study to quantify each com-
ponent’s contribution. While VLM scores provide a strong
semantic baseline (Figure 3), they require augmentation for
physical and temporal assessment. To identify the most ef-
fective feature set, we conducted a comprehensive ablation

'Phyl2V is PhyT2V with CogVideoX-5B-I2V.
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(a) Watch as the person deftly folds the paper in half.

(b) A person in a sunny kitchen pours orange juice into the sink.

Figure 4: Effectiveness of State-Guided Sampling. The proposed SGS effectively resolves the unnatural scene transitions.

Model VLM-Assisted Score (1) Ter.nporal VideoPhy2 (1)
Clarity Causality Plausibility Continuity Average ~ Artifact(}) SA PC
PhyI2V! 2.52 2.34 2.44 3.40 2.68 0.44 0.26 0.58
HunyuanVideo 1.71 1.50 3.06 4.16 2.61 0.09 0.25 0.77
FLF 3.10 3.06 2.87 3.20 3.06 0.68 0.31 0.56
Wan 2.1 v 2.90 2.86 2.98 3.87 3.15 0.13 0.30 0.56
SGS 3.00 2.94 291 3.96 3.20 0.12 0.26 0.53
Wan 2.1 jVAYS 3.20 3.05 2.92 3.96 3.28 0.07 0.34 0.57
(Fine-tuned) SGS 3.23 3.21 3.03 3.90 3.34 0.11 0.32 0.53

Table 2: Quantitative Evaluation. SA and PC denote Semantic Adherence and Physical Commonsense, respectively. The bold represents

the best, and the underline does the second best.

study by training an SVM classifier with cross-validation. A
baseline using only a pre-existing Physical VLM [Bansal et
al., 2025] fails to identify any ‘Good’ videos, yielding an F1-
score (pos) of 0.00. In contrast, using our four VLM-based
scores as base features (Base) provides a much stronger start-
ing point, achieving a Macro F1 of 0.66. To prevent temporal
artifacts from confounding our analysis, the validation pro-
tocol pre-filters videos using the temporal artifact detector.
As shown in Table 1(a), this step isolates the effectiveness of
other features and improves the positive-class F1 score.

On the cleaned dataset, we then incrementally added our
auxiliary features to complement physical plausibility. The
addition of the VideoPhy2 PC score (Table 1(b)) and the V-
JEPA 2 surprise score (Table 1(c)) steadily increased perfor-
mance. We observed further improvement by incorporating
features from our Attentive Plausibility Probe (Table 1(d)), a
shallow attention module added to V-JEPA 2 that is trained to
predict the fine-grained human-annotated Plausibility scores.
The best performance was achieved with our final feature set
(Table 1(e)), which additionally incorporates the output from
an Attentive Quality Classifier. This classifier is trained on V-
JEPA 2 features to directly predict the final ‘Good’/‘Bad’ hu-
man labels. To prevent label leakage when using the predic-
tions from our Attentive Modules (Table 1(d,e)) as features,
we employ a k-fold cross-validation strategy (we use k = 5).

These out-of-fold predictions are then used as a “clean” fea-
ture for training our final SVM model, ensuring a fair and rig-
orous evaluation. This result validates that our multi-faceted
feature design is highly effective at capturing the complex nu-
ances of human judgment. The detailed classification report
for this final classifier is presented in Appendix.

5.3 Main Results

Quantitative Results. We present our quantitative results
in Table 2, evaluating our models against baselines on the
held-out validation set. The evaluation uses our proposed
Gemini-based scores, the temporal artifact rate, and metrics
from VideoPhy2. As shown, our fine-tuned models achieve
the highest average Gemini score and the best SA score, while
also exhibiting a significantly lower temporal artifact rate.
While Hunyuan attains high scores in Plausibility and Con-
tinuity, we attribute this to its tendency to generate static or
moderate-action videos, which results in critically low scores
for Clarity and Causality. To further validate this hypothesis,
we evaluated the 12V-based models on the VBench bench-
mark [Huang et al., 2024] in Table 3. This analysis confirmed
our observation: Hunyuan recorded the lowest Dynamic De-
gree (0.20). In contrast, our fine-tuned 12V not only improves
the Dynamic Degree from 0.64 to 0.73 but does so without
compromising other criteria. Furthermore, in direct human
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Vbench C Huma‘n
omparison
Motion Dynamic Aesthetic
Smoothness  Degree Quality Rank(]) ~WR
PhyI2V 0.99 0.57 0.57 2.90 8%
Hunyuan 0.99 0.20 0.63 3.43 2%
Wan2.1 12V 0.98 0.64 0.63 1.98 29%
+Fine-tune 0.98 0.73 0.63 1.68 53%

Table 3: VBench (Motion) and Human Evaluation.

Temporal

Clar. Caus. Plau. Cont. Rank(/) Good Artifact(])
FLF 296 264 282 241 4.08 0.15 0.66
2V 264 236 301 422 3.71 0.22 0.13
a=03 3.04 272 305 421 3.05 0.30 0.26
a=04 313 2381 311 430 2.98 0.35 0.20
a=05 314 286 3.07 456 3.05 0.38 0.11
a=06 295 265 308 455 3.38 0.31 0.11

Table 4: Ablation Study on the Initial 12V Weight, o, for SGS.

comparisons, our model demonstrated the best rank and the
highest win rate (WR) against all baselines. Those results
show the effectiveness of our synthetic data.

In addition, to validate whether our model overfits to
our data synthesis pipeline, we evaluated it on PhyGen-
Bench [Meng et al., 2024]. As PhyGenBench is a text-to-
video benchmark, we adapted it to our image-to-video set-
ting. For each video prompt, we first employed an LLM to
generate a corresponding image prompt describing the ini-
tial frame. We then utilized Flux-dev [Labs, 2024], an open-
source text-to-image model, to synthesize the start image. By
using a different image generator from the one in our data
creation pipeline, we rigorously tested whether our model
generalizes to a novel visual distribution. As reported in Ta-
ble 5, the fine-tuned model (+Fine-tuning) shows marginal
improvement over the Wan2.1 12V in automated evaluation.
However, it achieves a significant gain in human evaluation,
attaining the highest win rate (42%) and best rank (1.90). We
conjecture this discrepancy stems from limitations of the Phy-
GenBench automated evaluation system in the I2V context.

Firstly, when the initial image already contains complex
phenomena described in the prompt (e.g., reflections in a
mirror, shadows from a light source), the video model is re-
warded for generating a static video, penalizing plausible mo-
tion. Secondly, the system’s reliance on retrieved key-frames
hinders distinguishing subtle yet critical differences between
videos generated from the same start image. Notably, PhyI2V
excelled in the Mechanics and Material categories. Its suc-
cess in Material likely stems from the LLM’s world knowl-
edge (e.g., vinegar is poured into a glass of litmus solution).
In contrast, its high Mechanics score appears to be an evalua-
tion hacking artifact; its VLM-based refinement process may
overfit to the VLM-based evaluator, a bias suggested by near-
zero scores of other models’ plausible videos. Nevertheless,
our model’s superior human-evaluation performance demon-
strates that our synthetic dataset enables robust generalization
to OOD scenarios and complex physical phenomena. Quali-
tative results for PhyGenBench are provided in Appendix.

PhyGenBench C Huma.n
‘'omparison
Mechanics Optics Thermal Material Average Rank (/) WR
PhyI2V 0.51 0.62 0.54 0.49 0.55 2.79 19%
Hunyuan 043 0.57 0.42 0.28 0.44 293 12%
Wan2.1 12V 0.49 0.59 0.54 0.39 0.51 2.38 27%
+Fine-tune 0.47 0.63 0.57 0.41 0.52 1.90 42%

Table 5: Evaluation on the PhyGenBench. (I12V)

Qualitative Results. Figure 2 shows a qualitative compar-
ison between baselines and our fine-tuned models. PhyI2V
and Hunyuan fail to generate proper interaction and the tar-
get state change. The FLF model shows some evidence of
interaction and state transition, but suffers from severe tem-
poral artifacts; in example (a), an abrupt change occurs be-
tween subsequent frames (indicated by a red arrow) while in,
(b), the video culminates in a final frame with a suddenly dif-
ferent appearance. The 12V model also struggles, and while
it attempts the interaction, it fails to depict the target state
change (e.g., not removing the grime in (b)) and introduces
critical object consistency artifacts, such as a second spray
can in (a) or an extra hand appearing abruptly in (b). In con-
trast, our zero-shot SGS produces a plausible interaction and
its result. This performance is further enhanced with our fine-
tuned models, as both I2V™ and SGS™ generate significantly
clearer interactions and state transitions. Consistent with the
findings in Figure 2, Figure 4 illustrates the effectiveness of
SGS over FLF and 12V. While FLF introduces visual artifacts
(e.g., background shifts in the red box) and 12V fails to gener-
ate any interaction, SGS successfully creates the interactions.

5.4 Ablation Study on Sampling Methods

To validate SGS, we conduct human evaluation across six
sampling configurations (Table 4). The baselines confirm a
distinct trade-off. FLF achieves high semantic adherence but
suffers from temporal artifacts (0.66), whereas 12V preserves
continuity but often fails to depict the target state change.
SGS effectively resolves this conflict. We find that perfor-
mance is sensitive to the weighting parameter «; values < 0.4
fail to sufficiently mitigate artifacts, while o = 0.6 dilutes the
global guidance from the FLF model. Consequently, o = 0.5
yields the optimal balance, achieving the highest ‘Good’ ratio
(0.38) and superior scores across all criteria.

6 Conclusion

We proposed a novel, modular framework using a taxonomy-
guided pipeline, visual anchors, and State-Guided Sampling
to generate controllable object interaction videos. Our ex-
periments show that fine-tuning on this synthetic data signif-
icantly enhances a model’s ability to create complex inter-
actions. While the current implementation relies on a pro-
prietary model, the pipeline’s modularity enables integration
with open-source alternatives, offering a path toward trans-
parent, reproducible data generation for various applications.
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