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1. More Method Details
1.1. More Details for Perception Pipeline
Object Scale Optimization After running the perception
pipeline described in Section 3.2.1 of the main paper, we
have predicted the camera poses and foreground object geom-
etry and rough positions. However, there will sometimes still
be a slight mismatch of object sizes of the simulator scene
with respect to the template video. Because our final goal is
to obtain accurate object motion guidance on the pixel space
with the same viewing perspective of the template video,
we need to determine accurate object sizes (as accurate as
possible) with respect to the scene and align it properly with
the camera. Therefore, we run an additional object scale
optimization step. Specifically, we estimate the initial object
sizes and poses from the 4D bundle adjusted depth maps and
refine them via a render-and-align approach. Specifically,
we refine the metric scale of each reconstructed object by
matching rendered and observed 2D sizes in the first video
frame. For each sample, we load camera intrinsics/extrinsics
and object from our perception result. Given an initial object
mesh and an approximate radius r from initial perception,
we generate a set of candidate scales by normalizing the
mesh to a cube of side length s ∈ [0.5r, 3.5r] (in 30 linearly
spaced steps). Each candidate is then placed at the estimated
3D centroid via a fixed rigid transform and rendered with
Mitsuba [7]. From the RGBA output, we extract the object
silhouette by thresholding the alpha channel and compute
a tight 2D bounding box. We measure the agreement with
each candidate via box IoU. We then fit a low-degree poly-
nomial to the discrete IoU-vs-scale samples and take the
maximizer ŝ as the optimal side length. The mesh is finally
re-normalized with side length ŝ, transformed, exported. We
show an example in Fig. 1 and Fig. 2
Scene Point Filtering. For the background filtering step
discussed in Section 3.2.1 of main paper, we aim to remove
unstable “floating” points that are weakly supported by the
dominant scene geometry. Given a background point cloud
X ∈ RN×3, we assign each point a randomized projection
depth score in [0, 1] by projecting X onto ndirs random unit

Figure 1. A sample of IoU curve used during our Object Scale
Optimization step.

Figure 2. A sample of side-by-side image of the original RGB
frame in the template video and our optimized rendering using
generated object mesh, estimated camera pose, and refined object
scale.

directions and counting in how many projections the point
lies inside the central α-mass interval. We then sort these
scores to focus on the lowest-scoring tail (at most a small
fraction of points), and trim only if we detect a statistically
significant gap in this tail (relative to typical score spacings
and the discrete resolution 1/ndirs). This gap-aware rule
removes small detached outlier clusters while leaving uni-
modal or smoothly varying background structures essentially
unchanged.
Rotational Motion Computation. Given that recovering
full 3D angular velocity from monocular, generated videos
is highly ill-posed and correspondence quality can be de-
graded by appearance drift and geometric inconsistency. We
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intentionally simplify the problem by estimating an object’s
initial spin from two-frame 2D correspondences (inferred by
SuperGlue [22]) and then discretize the angular motion to a
single dominant axis. Specifically, The rotational motion is
isolated by computing a 2D flow field relative to the centroid
of the matched feature points. From this field, we compute
three independent scores that capture different modes of ro-
tation. The Roll score corresponds to the mean normalized
2D curl, mean((xfy−yfx)/|vi|2); the Pitch score is derived
from the Pearson correlation between vertical position and
vertical flow, corr(y, fy); and the Yaw score is obtained from
the correlation between horizontal position and horizontal
flow, corr(x, fx). The dominant rotational axis is determined
by the score with the largest absolute magnitude, thereby
distinguishing between swirling (Roll) and divergent (Pitch
or Yaw) motion patterns.

1.2. More Details for Physical Simulation
In Section 3.2.2 of the main paper, we present our procedure
for prompting a large VLM (GPT-5) for physical property
estimation, here we provide more details on the prompting
pipeline and parameter mapping. To obtain physical param-
eters for initializing our MPM-based simulator in the loop,
we adopt a two-stage procedure that combines prompting
the VLM to reason about the object’s physical property with
an offline, deterministic mapping from qualitative attributes
to numerical values. This two-stage procedure ensures ro-
bustness for the pipeline to be fail-safe.
Stage 1: Physical attribute extraction. Given the first
frame of the template video, we highlight each object of
interest by drawing an bounding box on the frame. We
prompt VLM with the image and a curated textual instruction
(provided below) to elicit discrete, qualitative descriptors of
the object’s physical behavior and material. The VLM is
instructed to describe the object using only a fixed set of
categorical labels, and to avoid outputting any numerical
quantities.

Listing 1. Prompt used for acquiring physical descriptor

You are a physics-aware vision assistant. You
are given an image and a highlighted object.
Your task is to describe the objects
material and contact behavior using only
qualitative categories and discrete labels.

Note that:
1. Do not output any numeric physical values

such as density, Youngs modulus, coefficient
of restitution, or friction coefficients.

2. Always use the fixed label sets and scales
provided in the user prompt.

3. Return your answer strictly as a single JSON
object without additional commentary.

You are given an image that contains a single or
multiple objects.

The object of interest is the one that is
highlighted by a bounding box in the image.

Based on visual appearance and common real-world
knowledge,

estimate the following qualitative physical
attributes of the object of interest.

1. Material category (choose ONE):
- ’metal’
- ’wood’
- ’hard_plastic’
- ’soft_plastic_or_rubber’
- ’glass_or_ceramic’
- ’fabric_or_textile’
- ’paper_or_cardboard’
- ’foam’
- ’stone_or_concrete’
- ’other’

2. Solidity / internal structure (choose ONE):
- ’solid’ (mostly solid, compact interior)
- ’mostly_solid’ (small hollow parts but

mostly solid)
- ’hollow_thin_shell’ (like a thin plastic

ball, can)
- ’layered_or_composite’ (e.g., book, stacked

layers)

3. Hardness (choose ONE):
- ’very_soft’ (easily deformable by hand, like

sponge, pillow)
- ’soft’
- ’medium’
- ’hard’
- ’very_hard’ (rigid, difficult to deform,

like steel, stone, thick glass)

4. Elasticity / bounce behavior in everyday use:
Imagine the object is dropped from about 1

meter onto a hard floor.
Choose ONE:
- ’almost_no_bounce’ (stays where it lands,

heavy or very soft)
- ’low_bounce’ (barely bounces, like a wood

block)
- ’medium_bounce’ (bounces but quickly loses

height, like some plastics)
- ’high_bounce’ (bounces well, like a rubber

ball)
- ’very_high_bounce’ (extremely lively, like a

superball)

5. Surface roughness (integer 1-5):
- 1 = very smooth / polished (glass, glossy

plastic)
- 2 = mostly smooth (painted metal, smooth

wood)
- 3 = slightly textured (matte plastic,

unfinished wood)
- 4 = rough (coarse wood, textured rubber)
- 5 = very rough (abrasive, heavily textured)

6. Surface friction tendency (choose ONE):
- ’very_slippery’
- ’slippery’
- ’medium’
- ’grippy’
- ’very_grippy’



7. Thickness / size hint (choose ONE):
This is to help estimate stiffness at the

scale of the object.
- ’thin_and_small’ (e.g., thin plastic cup,

small toy)
- ’thin_and_large’ (e.g., large but thin panel)
- ’thick_and_small’ (compact, chunky object)
- ’thick_and_large’ (large and bulky)

8. Short natural-language justification:
Briefly explain how the texture, appearance,

and context of the object
led you to these choices.

OUTPUT FORMAT:
Return ONLY a single JSON object with the

following keys:
- ’material_class’
- ’solidity’
- ’hardness_level’
- ’bounce_category’
- ’surface_roughness_level’ (integer 1-5)
- ’friction_tendency’
- ’size_thickness_hint’
- ’justification’

Example of the required structure (values are
just illustrative):

{
’material_class’: ’hard_plastic’,
’solidity’: ’hollow_thin_shell’,
’hardness_level’: ’hard’,
’bounce_category’: ’medium_bounce’,
’surface_roughness_level’: 2,
’friction_tendency’: ’medium’,
’size_thickness_hint’: ’thin_and_small’,
’justification’: ’The object looks like a

hollow plastic toy ball with a smooth,
glossy surface.’

}

We refer to this physical descriptor as

s = fϕ(I)

where I is the input frame and fϕ denotes the VLM, and s
contains the categorical attributes listed above.
Stage 2: Offline mapping to numerical physical param-
eters. In the second stage, we deterministically map the
semantic descriptor s to the numerical parameters used by
the physics simulator. This mapping is implemented as a set
of lookup tables and multiplicative factors, yielding:

p = g(s),

where p comprises density ρ, Young’s modulus E, coeffi-
cient of restitution e, and static / dynamic friction coefficients
(µs, µd):

p = (ρ,E, e, µs, µd).

We first assign a base density ρbase to each material class
(e.g., metals, wood, plastics, foam), chosen to be order-of-
magnitude realistic for bulk materials. We then modulate this

value using a solidity-dependent factor (e.g., lower effective
density for hollow objects):

ρ = αsolidity(solidity) · ρbase(material class).

Similarly, we define a base Young’s modulus Ebase for each
combination of material class and hardness level, capturing
the typical stiffness range for that material and hardness
category. We will provide the full prompting and mapping
script along with our source code.
Discussion. This design separates high-level perception
from low-level physics parameterization. The VLM is used
only to produce stable, interpretable semantic attributes s,
which tend to be much more robust than direct regression of
physical scalars from pixels. The final physical parameters p
used in simulation are obtained by the deterministic mapping
g, which is under full user control. This separation yields
more consistent and physically plausible parameters across
scenes, while still leveraging the VLM’s ability to recognize
materials and contact behavior from visual cues.

More Details of Simulation State Initialization After
obtaining all scene assets, determined simulation domain,
estimated physical properties as introduced in Section 3.2.2
of the main paper, we initialize the simulation state in the
simulator. Here, we discuss more details of this initialization.
Specifically, we import the background scene geometry as a
signed distance function and evaluate a 3D plane model as
ground plane inside the simulation domain to serve as effi-
cient colliders. Then, we import object meshes as Material
Points using mesh vertices and physical properties estimated
from previous steps. We also voxelize the object meshes to
infill the internal space with uniform Material Points to pre-
vent object collapse. Lastly, using the estimated object linear
velocity and rotations, we compute particle-level initial ve-
locity for all material points in the scene and assign them
accordingly. We set constant gravitational pull and air drag
to the simulation domain to finish the state initialization.

1.3. More Details for TTCO
In Section 3.3.1 of the main paper, we introduced our Test-
time Texture-consistency Optimization (TTCO) technique.
Here, we discuss more details regarding how we added learn-
able parameters to the prompt embeddings and text features.

Specifically, for the input T5 [19] text embeddings, we
first locate the text embeddings corresponding to the fore-
ground objects. Then, we add a learnable residual to these
text embeddings, which is zero-initialized. Therefore, in
the first iteration of training, the model and text prompts
are exactly the same as their pre-trained versions, and the
model learns the modulations such that the foreground ob-
jects follow the physical simulator movements more closely.
Additionally, we also add similar zero-initialized learnable
modulations at each intermediate block of the diffusion trans-
former (DiT), corresponding to the foreground text embed-



Figure 3. Visualization of our method generating videos of fluid
movements.

dings. Such layer-wise modulations better aid the model’s
convergence towards fitting the movements.

More specifically, let E = [e1, . . . , eN ] denote the T5 text
embeddings of the input prompt, and let F ⊆ {f1, . . . , fL}
be the set of indices corresponding to the foreground object
tokens, where there are L foreground object tokens. We
introduce learnable residuals ri for i ∈ F (zero-initialized),
and define the modulated text embeddings as:

ẽi =

{
ei + ri, i ∈ F ,

ei, otherwise.
(1)

Furthermore, for each DiT block k = 1, . . . ,K, we in-
troduce independent foreground-modulation residuals r(k)i

(also zero-initialized) at each layer, such that intermediate
text features x(k)

i at the k-th layer and i-th position are mod-
ulated to x̃

(k)
i as follows:

x̃
(k)
i =

{
x
(k)
i + r

(k)
i , i ∈ F ,

x
(k)
i , otherwise.

(2)

2. More Experiment Results

2.1. More Qualitative Results
We show some qualitative results in Figure 5 of the main pa-
per. We show more qualitative results here from Figure 4 to
7. For the single object examples shown, the prompt is to let
the various objects drop from mid-air to the ground. For the
shown video samples with multiple objects, the prompt in-
structs the two objects to collide into each other. As observed
from the qualitative results, our method is superior in terms
of following physical laws and maintaining consistency of
textures.
Handling of Complex Materials. Our method can also
handle more complex materials such as fluids and sand, by
setting the appropriate physical properties (e.g., Young’s
modulus) in our perception pipeline, and allowing MPM to
simulate them. We visualize an example in Fig. 3, where we
simulate and generate fluid movements from an input text
prompt. This demonstrates the versatility of the simulator-
generator integration paradigm in PSIVG.

2.2. Generating Videos of Dropping Objects
We also run experiments on PisaBench dataset [11], which
contains videos of objects dropping from mid-air with var-
ious backgrounds, often colliding into other objects. This
experiment evaluates if we are able to generate videos that
closely follow physical principles of gravity and collisions.
Evaluation Metrics. We follow the PisaBench [11] protocol
and report three quantitative metrics to assess the physical
accuracy of generated videos. Trajectory L2: We compute
the centroid of the object mask in each frame for both the
generated and ground-truth videos, and measure the aver-
age L2 distance between corresponding centroids across all
frames. This reflects how closely the generated motion fol-
lows the real trajectory. Chamfer Distance (CD): To evaluate
shape fidelity, we calculate the Chamfer Distance between
the object masks of the generated and ground-truth frames,
capturing discrepancies in object shape and spatial align-
ment. Intersection over Union (IoU): Finally, we report the
IoU between the generated and ground-truth object masks,
which measures the degree of spatial overlap and indicates
the accuracy of object permanence and localization over
time.
Baselines. For PisaBench, we follow their paper and re-
port results on four open models: CogVideoX [31] Dynami-
Crafter [28], Pyramid-Flow [8], and Open-Sora-V1.2 [35],
as well as 4 proprietary models: Sora [16], Kling-V1 [10],
KlingV1.5 [10], and Runway Gen3 [21]. We also report
results on PISA’s trained models [11] with Object Reward
Optimization (ORO) using Seg, Flow and Depth modalities.
Additionally, we also run some controllable video generation
methods: MotionClone [13], SG-I2V [15], DragAnything
[26], Image Conductor [12], which we implement by apply-
ing the simulator’s conditioning information.
Results. Results on PisaBench are reported in Tab. 1, where
our method achieves the best performance across all three
physical accuracy metrics. These results demonstrate that
PSIVG generates object motions that more faithfully fol-
low physically plausible trajectories and maintain consistent
object shapes and spatial positions throughout the video.

3. More Implementation Details

In Section 4 of the main paper, we discussed the implementa-
tion details. Here, we discuss more implementation details.

To compute the optical flow used as input for the flow-
conditioned video generation model (GwtF [1]), we de-
rive the foreground flow from the simulator-rendered RGB
frames and the background flow from the template video
(as discussed in Section 3.3 of the main paper). For the
foreground, we use simulator-generated segmentation masks
to crop the moving object and composite it onto the static
background of the first frame of the template video, creating
a video of the simulated foreground over a realistic static



Table 1. Quantitative comparison on PisaBench [11]. Results are
reported on the sim (unseen) setting.

Method L2 ↓ CD ↓ IoU ↑

P
ro

pr
ie

ta
ry [16] Sora 0.140 0.419 0.031

[10] Kling-V1 0.145 0.437 0.028
[10] Kling-V1.5 0.132 0.405 0.029
[21] Runway Gen3 0.149 0.460 0.038

O
pe

n-
So

ur
ce

T2
V [31] CogVideoX 0.101 0.290 0.020

[28] DynamiCrafter 0.136 0.430 0.033
[8] Pyramid-Flow 0.130 0.381 0.048
[35] Open-Sora 0.130 0.368 0.034
[11] PISA-Seg 0.032 0.063 0.145
[11] PISA-Flow 0.022 0.045 0.071
[11] PISA-Depth 0.022 0.046 0.096

C
on

tr
ol

la
bl

e [13] MotionClone 0.085 0.246 0.063
[15] SG-I2V 0.113 0.344 0.034
[26] DragAnything 0.176 0.523 0.033
[12] Image Conductor-Object 0.148 0.405 0.033

Ours (PSIVG) 0.012 0.018 0.397

scene. This is because the simulator backgrounds tend to
produce inaccurate RAFT flow, likely due to being out of dis-
tribution for the RAFT model [24]. For the background, we
directly compute RAFT optical flow on the template video
and obtain background regions using a segmentation model.
To generate segmentation masks for the template video, we
apply GroundingDINO [14] with the foreground prompts
and propagate the masks across frames using SAM 2 [20].
After obtaining the background RAFT optical flow, we fur-
ther apply a threshold on the background flow to remove the
very large “flows”, which are often the result of abrupt jump-
ing of objects or flickering in the template video. Finally,
the foreground and background flows are fused using the
segmentation masks to form a hybrid flow, which serves as
the input to GwtF.

We make several modifications to adapt our text-to-video
generation pipeline for the PisaBench dataset [11] in Section
2.2. One key challenge is that the resolution of the input
image (1024 × 1024) is significantly larger than the frame
resolution of GwtF (480 × 720). Yet, simply downscaling
the input image and padding the sides causes objects to be-
come excessively small, leading to degraded performance.
This issue is common among video latent diffusion models,
which apply heavy spatial and temporal downsampling in the
encoder (e.g., CogVideoX [31] and GwtF [1] use 32× spatial
and 4× temporal downsampling). As a result, small objects
such as shoes or tape which are often only 20-30 pixels wide
originally, can vanish entirely from the generated video after
downsizing and encoding. To address this, we spatially and
temporally crop each video into multiple smaller clips and
generate them separately. We also perform augmentation
of the prompts using a VLM to describe the scene better.
We adapt the text prompts based on the objects visible in
each clip, to avoid hallucinations when certain objects men-
tioned in the prompt are absent from the frame. Additionally,

we design a specific prompt used after collisions occur, to
prevent objects from unnaturally colliding again when the
model tries to performing the “dropping action” again. Fi-
nally, because the PisaBench simulator backgrounds are
synthetic and fall outside the training distribution of typi-
cal video models, we find that GwtF often hallucinates or
distorts these background regions. To mitigate this, we in-
troduce a background loss during PisaBench experiments to
enforce consistency with the initial frame, ensuring stable
and realistic background appearance throughout the video.

4. More Experiment Details

4.1. More Details for Text-to-Video Generation Ex-
periments

In Section 5.1 we discussed our text-to-video generation
results from various prompts. Here, we provide more details
on evaluation metrics.
Evaluation Metrics. We assess our method from two per-
spectives: motion controllability and general video gen-
eration quality. Motion Controllability: To quantify how
well object motions adhere to the simulated trajectories, we
evaluate: (1) the mean Intersection-over-Union (SAM mIoU)
between SAM2 [20] tracking boxes in the generated videos
and those from the physical simulator renders, and (2) the
pixel-level mean squared error (Corr. Pixel MSE) between
the pixels of consecutive frames in the generated videos
according to the frame-to-frame pixel correspondences, mea-
suring how well the generated frames follow the simulated
trajectory. These metrics together measure how faithfully
the generated objects follow simulated dynamics in both
translation and rotation. General Video Generation Quality:
We further assess the overall realism, text alignment, and
temporal stability of generated videos. For text alignment,
we compute the cosine similarity between the CLIP [18] text
embedding of the prompt and the CLIP image embeddings of
generated frames, averaged over time (CLIP Text). For tem-
poral consistency, we evaluate two sets of measures: (1) the
mean cosine similarity between CLIP image embeddings of
consecutive frames (CLIP Img), and (2) four temporal qual-
ity metrics from VBench [6], including subject consistency,
background consistency, motion smoothness, and temporal
flickering.

4.2. More Details on User Study
In Section 5.2 of the main paper, we conducted a user study
involving 32 participants to assess the physical consistency
of our generated videos, and here we provide more de-
tails. Specifically the user study consisted of 25 multiple
choice questions, where each question featured our gener-
ated video along with 5 strong baselines (CogVideoX [30],
HunyuanVideo [9], PISA-Seg [11], SG-I2V [15], Motion-
Clone [13]). These 5 baselines were selected because they



generally showed the best quantitative results in Table 1 of
the main paper. All 6 videos were put side-by-side in GIF
format, and in a random order for each question. For each
multiple choice question, the respondents were asked to an-
swer the following question: “Which of these videos is the
most physically accurate?”. For certain videos with camera
movements, the question included more information, and
becomes instead: “These videos are supposed to have cam-
era movements. With this in mind, which of these videos is
the most physically accurate?” Overall, as shown in Table
2 of the main paper, our method was preferred in 82.3% of
the comparisons across all 6 options, substantially outper-
forming all baseline models. This provides strong evidence
that our generated videos were significantly more physically
consistent and natural.

5. Limitations and Future Work
Despite its strengths, our method has several limitations.
First, its applicability is bounded by the capabilities of the
underlying physical simulator, the Material Point Method
(MPM) [23]. As a result, we inherit known challenges in
modeling complex agents (e.g., humans and vehicles) and
articulated objects (e.g., laptops), since MPM typically re-
quires careful particle-level material initialization and param-
eterization to represent such structures faithfully. Addition-
ally, our framework struggles with extremely small or thin
objects – such as cloth or paper – that involve fine-grained
dynamics. This stems largely from limitations within the
GwtF video generation model [1], which often fails to ac-
curately synthesize the movements and structural details of
small or thin objects.

Several promising avenues exist for extending our work.
First, future research could explore integrating richer condi-
tioning signals from the simulator, such as 3D point tracks,
to better align generated videos with simulated trajectories
[4, 25]. Second, the reconstruction and perception pipeline
could be strengthened by incorporating more recent image-
to-3D [2, 27] or video-based reconstruction methods [5],
which might particularly improve performance in scenar-
ios involving initial-frame occlusions [2]. In an orthogonal
direction, leveraging text-prompting techniques for physi-
cal consistency [29], other prompt optimization techniques
[17, 32], or agentic AI frameworks [34] could enhance video
diffusion prompts in a training-free manner. Finally, our
proposed TTCO technique also holds potential as a general-
purpose test-time refinement tool for other fields such as
controllable video editing [3, 33], where it could signifi-
cantly boost visual quality based on user-provided inputs
and computed tracks.



Figure 4. More qualitative comparisons with baselines.



Figure 5. More qualitative comparisons with baselines.



Figure 6. More qualitative comparisons with baselines.



Figure 7. More qualitative comparisons with baselines.
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