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Abstract

We present a novel video generation framework that integrates 3-dimensional
geometry and dynamic awareness. To achieve this, we augment 2D videos with
3D point trajectories and align them in pixel space. The resulting 3D-aware video
dataset, PointVid, is then used to fine-tune a latent diffusion model, enabling it to
track 2D objects with 3D Cartesian coordinates. Building on this, we regularize
the shape and motion of objects in the video to eliminate undesired artifacts, e.g.,
non-physical deformation. Consequently, we enhance the quality of generated RGB
videos and alleviate common issues like object morphing, which are prevalent in
current video models due to a lack of shape awareness. With our 3D augmentation
and regularization, our model is capable of handling contact-rich scenarios such as
task-oriented videos, where 3D information is essential for perceiving shape and
motion of interacting solids. Our method can be seamlessly integrated into existing
video diffusion models to improve their visual plausibility.

1 Introduction

The recent development of video diffusion models has attracted significant research interests and seen
tremendous progress [5, 35, 15]. With vast amounts of training data and sophisticated architectures,
video models have greatly improved in expressiveness and aesthetics [6, 37]. Today, state-of-the-art
video models can realistically represent content from the real world with high creativity, enabling
various applications in the entertainment industry and scientific research [27]. However, existing
video diffusion models primarily focus on improving the appearance of content and the smoothness
of motion. The models are trained in a way to understand the movements of 2-dimensional pixels,
where the object movements in 3D space is approximated through the changing of RGB values.

As a result, the underlying 3-dimensional shapes and motions, which represent how objects truly exist
in the physical world, are not learned well in the existing video generation models. Even worse, we
observe that when the video diffusion models neglect the underlying 3D information, they struggle
to understand how objects occupy space, change shape and location, and interact with each other,
which is essential for generating videos with complex motion. For instance, imaging a situation when
perceiving a scene with a human performing specific tasks, e.g., hands tying shoelaces, viewpoint
projection and occlusion make it impossible to capture the true 3D shape of the hand and the shoelaces
using 2D pixels, complicating the modeling of how they make contact. Without understanding the
underlying geometry, objects in the video may change shape arbitrarily or even appear and disappear
suddenly, leading to the common issue of object morphing (as example results from prior arts in
Figure 1). This problem is exacerbated for complex objects like humans; without 3D awareness,
limbs and body parts may move unnaturally or change shape abruptly, resulting in dislocated arms or
twisted bodies.
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Figure 1: Comparison on Task-Oriented Videos. We present videos generated by different baselines
(CogVideoX 1.5 [43], SVD [5], DynamiCrafter [42], LTX Video [14] and I2VGen-XL [46]) and
compare them with our method. We use the same input conditions for all methods (except that
SVD is conditioned only on the image). It can be observed that existing baselines often exhibit
severe distortions of hands or objects during human hand-object interactions. In contrast, our method
preserves the shapes of both the hand and object during such interactions.

To address the above issue, we aim to improve video diffusion models towards the better understanding
of physical world, thus generating more reasonable shape and motion. Previous works have attempted
to control shape and motion directly in 2D space [34, 25]. Nonetheless, without a comprehensive
understanding of 3D geometry, these methods are limited to directing pixel movement confined
within the 2D plane, making them unable to handle out-of-plane motions or fully resolve 3D
dynamics [25]. One straightforward approach could be to model the complete 3D geometry of objects
using representations such as NeRF [28] or 3D Gaussian-Splatting [20], essentially leading to 4D
generation [3, 48]. While these methods provide accurate 3D understanding, they are computationally
intensive and generally limited to generating simple scenes with only a few specific types of objects.

To bridge the gap in leveraging 3D information for improved video generation, we propose a method
to augment and regularize video diffusion models using 3D point clouds. Specifically, our model
enriches 2D videos with out-of-plane data—absent in traditional RGB video models—without
requiring full-scale 3D reconstruction. Instead of generating a complete mesh or point cloud for
the video diffusion model, we track the movement of 2D pixels in 3D space, creating a pseudo-
3D representation of objects in the video. To support this optimization, we develop a 3D-aware
video dataset, named PointVid, which includes segmented objects in pixel space along with their
corresponding 3D dynamic states. We fine-tune video diffusion models on the PointVid dataset
to extend their generative capabilities to 3D shape and motion, enhancing the model’s ability to
understand object behavior in the physical world. By leveraging prior knowledge of 3D space, we
use this additional information to guide pixel movements toward more visually plausible outcomes.

Incorporating out-of-plane 3D information as a prior, our approach does not rely on specific architec-
tures of the diffusion denoiser and thus can be integrated into various video models. To demonstrate
this, we implement our method on two base models with distinct architectures: U-Net-based I2VGen-
XL [46] and DiT-based CogVideoX 1.5 [43]. Guided by 3D trajectories, our model achieves superior
quality in terms of smooth transitions of shape and motion compared to existing works, generating
visually plausible videos. We summarize our contributions as follows:
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1. Injecting 3D Knowledge into Video Diffusion. We propose a novel 3D point augmentation
strategy to bridge the 3D spatial domain of the physical world with the pixel space of 2D
videos. By explicitly incorporating 3D information into the video diffusion process, our
method significantly enhances video generation quality, especially in challenging scenarios
such as solid object interactions.

2. Regularization with 3D Prior. We introduce a novel regularization strategy to guide the
point cloud diffusion process, ensuring that the generated point cloud is well-structured.
This structured point cloud, in turn, enhances the RGB video generation by providing robust
3D priors for better spatial coherence and alignment.

3. 3D-Aware Video Dataset. We curate a 3D-aware video dataset, PointVid, by tracking 3D
points in the first frame of a given video. We segment the first frame to obtain foreground
objects and mainly track these points in the original video. The resulting dataset contains
3D coordinates corresponding to the first frame, pixel aligned with the video dataset.

2 Related Work

Video Diffusion Models. Following the success of diffusion-based text-to-image (T2I) models [1,
30, 11, 24, 22, 26, 38, 23, 12, 19], many video generation models have been proposed in the
literature [5, 35, 27, 15]. These models allow video generation following input conditioning such as
text and image. Video diffusion models can be categorized into three categories. First, auto-regressive
models like VideoPoet [21] follow the causal language model paradigm of next token prediction
given previous tokens. These models encode the input conditioning into latent tokens using tokenizers
such as MAGVIT [44].

Second, pixel-space diffusion models [27, 15, 35] directly model the video synthesis on the pixel
space to avoid artifacts arising in the compressed VAE latent spaces. While these models provide
more photo-realism and better motion dynamics, they typically only offer low-resolution video
generation due to a higher computational cost in generating high-resolution videos. These base
models are augmented with super-resolution components to increase the video resolution resulting in
deep cascaded diffusion models. Imagen-video [15], a UNet-based architecture, generates videos
at a low-resolution and utilizes a sequence super-resolution models to increase the video resolution.
Make-a-video [35] uses a T2I as prior to encode text input and trains a deep cascade of spatial
and temporal layers to generate high resolution videos. SnapVideo [27] replaces the popular UNet
architecture design with a FIT network for improved generation efficiency.

Third, latent diffusion models transform the raw pixel space into a compressed spatio-temporal latent
representation. It enables training a higher resolution and higher capacity base model instead of
pixel-space diffusion models. These include Stable Video Diffusion [5], SORA [6], VideoCrafter2 [8],
ModelScopeT2V [39], Mochi [37], LTX Video [14], CogVideoX [43, 16] etc. While latent models are
typically single-stage pipelines, they can extend to deep cascade pipelines to offer even higher-quality
video generations. MovieGen [31] proposed a transformer-based cascade latent diffusion model.

While our approach is applicable to various types of video diffusion models, we select two models
with distinct underlying architectures— I2VGen-XL [46] and CogVideoX-1.5 [43]—as our base
models, and demonstrate how incorporating 3D geometry and dynamics improves video generation.

Dynamics Aware Video Generation. There have been various works [34, 25, 47] that instill
physically plausible and temporally consistent dynamics in video generation. PhysGen [25] added
simple control such as force or torque to an object in within the image, enabling simple physically
plausible dynamics to the resulting video. MotionCraft [34] synthesized videos by incorporating
optical flow in the noise diffusion process. This allows image animation with a temporally consistent
video content. Physdreamer [47] tried distilling dynamic priors of static 3D objects from the
video generation models. It creates a physical material field around the 3D object, thereby easily
synthesizing 3D dynamics under arbritary forces. Although these works are able to incorporate
simple dynamics to a static image, they assume that the underlying diffusion model understands and
captures the object dynamics. This assumption is not necessarily true, as pointed by VideoPhy [4],
current video generation models suffer from many inconsistencies, both physically implausible as
well as temporally inconsistent. There have been other works along the line of incorporating camera
intrinsics during video generation. 3D-Aware Video-Generation [2], first trains a model by jointing
diffusing noise along a motion and content codes while sampling different camera poses. The model
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Figure 2: Method Overview. During training, we sample video-point pairs, concatenate them along
the channel dimensions, and use the augmented data to train a latent diffusion model. We introduce
cross-attention between video and point data in corresponding channels to enhance alignment between
the two modalities. The model predicts both RGB video and 3D points, leveraging the 3D information
to further regularize video generation by applying a misalignment penalty during the diffusion process.
During inference, the model generates both video and points from random noise, conditioned on a
text-image prompt.

is trained using a generative adversarial network based discriminator which discriminates the resulting
video, by difference between frames and time duration.

In contrast to previous works, we incorporate 3D knowledge by jointly diffusing point clouds
alongside the video modality. This enhances the diffusion model’s understanding of 3D world during
training and improves the visual plausibility and spatio-temporal consistency of the generated videos.

3 Method

As mentioned earlier, current video models primarily learn moving objects as sequences of 2D pixels,
without considering their true 3D states. Their understanding of the physical world is limited to a
projected plane, making it challenging to resolve changes in shape and motion that are not visible in
the projected view. To address this, we propose incorporating a partial 3D representation into the
generation pipeline. The inclusion of 3D information as a second modality will not only enhance the
capability of the video model but also guide the generation of RGB videos through joint optimization.

In this section, we outline the details of our 3D-aware video generation pipeline, which consists
of three essential components: First, we introduce our novel 3D-aware video dataset, PointVid, in
subsection 3.1, providing videos with spatial information orthogonal to color dimensions. Next,
in subsection 3.2, we present our joint training approach, enhancing the video model’s ability to
incorporate 3D geometry and dynamics. Finally, we describe our 3D regularization strategy in
subsection 3.3, designed to resolve non-physical artifacts in the generated results using the newly
incorporated modality.

3.1 PointVid Dataset

We build our 3D-aware PointVid dataset upon standard 3-channel videos of shape [T,H,W,C],
where C = 3 encodes the RGB channels, height H and width W digitize 2D images into pixels, and
T represents the temporal dimension that sequences the pixel data over time.

The key challenge lies in selecting a 3D representation that is suitable for learning by a video model.
Explicit 3D representations, such as meshes (surface or volumetric), point clouds, or voxels, can
effectively model geometry but often have variable sizes due to irregular object shapes, complicating
the diffusion training process. Moreover, aligning 3D points with 2D pixels in video remains a
non-trivial task. In contrast, implicit representations like NeRF [28] typically require substantial time
to convert into an explicit form for direct usage, making them impractical for training purposes.

Recent advancements in 3D point tracking [41] have made this task more feasible. Instead of
representing moving objects as sequences of meshes or point clouds with arbitrary resolution, we
focus exclusively on tracking the movements of pixels. Here, 2D pixels are unprojected into 3D space
and tracked throughout the video. This allows the 3D locations of the pixels to be treated as three
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Video 𝒱: [𝑇 × 𝐻 × 𝑊 × 𝐶] Point 𝒫: [𝑇 × 𝐻 × 𝑊 × 𝐶]Reference Frame Semantic Segmentation Random Query 3D Point Tracking

Figure 3: PointVid Dataset Generation. Given an input video, we use the first frame as a reference
frame and perform semantic segmentation to obtain masks for foreground objects. Next, we randomly
sample pixels with a distribution favoring pixels inside foreground objects. We perform 3D point
tracking on these queried pixels, and map these points to the input video frames. The resulting data
point contains 3D coordinates of tracked foreground pixels while remaining pixels are zeroed out.

additional attributes, similar to color intensities. As a result, we can format the 3 spatial coordinates
as extra channels, yielding a point tracking tensor P of shape [T,H,W,C], matching the dimensions
of the RGB video. In practice, we store the 3D tracking information using 2D pixel coordinates (u, v)
and depth d, requiring only a simple camera unprojection to reconstruct the 3D world coordinates
(x, y, z). By using (u, v, d), the first two channels correspond to the pixel’s position projected onto
the 2D plane, which aligns precisely with the moving point in the RGB video, thus simplifying the
task of learning the alignment between video and point tracking.

We visualize the workflow of generating point tracking in Figure 3. For each RGB video V , we extract
the first frame as a reference image and perform semantic segmentation using Grounded-SAM-2
[33, 32], yielding masks for the foreground objects. Next, we randomly sample pixels on the reference
image with a main focus on those inside the foreground objects. These queried pixels are then tracked
with trajectories of 3D Cartesian coordinates (x, y, z) throughout the video using SpaTracker [41].
Finally, we post-process the tracked results to align the shape with the video: we fill out the pixels
in the foreground mask to store the pixel’s spatial positions, formatted as 3 channels, and discard
pixels in the background (setting all background pixels to zero). Since we apply sparse queries for
tracking efficiency, some foreground pixels may not have a corresponding trajectory; we use KDTree
searching to interpolate the positions for such pixels.

One remaining issue we encounter in the tracked results is that they sometimes contain high-frequency
noise, possibly due to the imprecision of the tracking. This causes problems when the video model
attempts to learn from its distribution, as the backbone diffusion model relies on sampling with
random noise. To address this, we apply a Kalman Filter for 3D point tracking to remove temporal
high-frequency noise and recover its primary motion.

3.2 Point Augmentation in Diffusion Denoiser

With our 3D-aware video dataset, we now aim to extend the capabilities of the video model to generate
not only the RGB video V but also the corresponding 3D representation P . Aligning the video with
the point cloud enables the model to inherently acquire 3D knowledge. The augmented video-point
model learns not only how the object appears in a 2D color image but also its 3D geometry.

Our augmentation pipeline is illustrated in Figure 2. It is worth noting that training the video-point
model entirely from scratch is unnecessary, as training video diffusion models already requires
significant computational resources and large-scale datasets. Instead, it is more practical to fine-tune
a pretrained video model to incorporate the point-tracking modality. Additionally, our injection of 3D
points is agnostic to the network architecture of the pretrained video model. In this work, we employ
both UNet- and DiT-based denoisers—specifically, I2VGen-XL [46] and CogVideoX-1.5 [43]—both
conditioned on text-image prompts. While our training pipeline incorporates an additional point
modality, inference remains conditioned only on text-image pairs, consistent with the base model.

To collectively learn from and generate V and P , the straightforward way would be to feed them
together to the diffusion model. Since we are matching the shapes of video and point tensors, we can
concatenate them along the channel dimension, resulting in an point-augmented video VP with a
shape of [T,H,W, 2C]. This concatenated video can be seamlessly integrated into the denoiser by
simply adjusting the input/output dimensions to accommodate the additional channels. This increase
in dimensionality does not overshadow the weights of the original model; instead, only new projection
layers are introduced to handle the added modality. To leverage pretrained RGB weights, we can load
the pretrained model for the corresponding RGB channels and initialize the remaining weights as
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zeros. For the conditioning frame, we continue using the first RGB frame and repeat the condition
image tensor to prompt the generation of both video and point tracking, as our goal is for the model
not to rely on the initial point positions during the inference stage. This strategy is effective because
the same reference frame is used for generating the point-tracking data earlier.

In addition to the pixel-wise alignment of video and points during dataset construction, we introduce
a cross-attention layer at the input of the latent diffusion model. This layer links the first and second
halves of the channel dimensions—corresponding to color information and spatial location in the
latent space—to further enhance their alignment. We apply two passes of cross-attention, with each
modality alternately serving as the query, while the other provides the key and value in each pass.

Incorporating the aforementioned changes, the training pipeline proceeds as usual: we encode VP
into the latent space z, add noise to obtain zt using randomly sampled noise ϵ and a diffusion step t.
The denoiser model then predicts the added noise and compares it with the ground-truth noise, where
we apply DDIM [36] for diffusion sampling. With this modified pipeline, we fine-tune the diffusion
model on PointVid dataset to obtain our video-point generation model. At inference, given an image
and a text prompt, the model takes in double-sized random noise and predicts both the RGB video
and the corresponding 3D trajectories.

3.3 Point Regularization

With the model capable of generating pixel-aligned video and points, we leverage this additional
modality to enhance RGB video generation. To achieve this, we introduce regularization terms on
the point tracking component of the diffusion output, aligning it with the ground truth, which in turn
implicitly improves the RGB video component (see Figure 2).

Firstly, we need to recover directly usable point trackings for evaluation in 3D space. Since injecting
random noise into the point cloud would likely render it unusable, we employ diffusion sampling to
recover a noise-free stage before applying regularization. At each training step, given a latent input z
and its corresponding noisy stage zt, we apply DDIM denoising to iteratively recover z0. Following
the approach of [45], we adopt gradient checkpointing to freeze gradient flow except during the final
step, thereby preventing memory overflow. The denoised latent z0 is subsequently decoded into
explicit 3D point tracking P̃ , representing the sampled 3D trajectory of the video.

With Regularizationnt Without RegularizationGround Truth Point

Figure 4: Point Regularization. The recon-
structed point cloud in the diffusion output often
contains noise and deformations (middle). This
issue is mitigated using our point regularization
(right). The synthetic point cloud above (e.g., box
and shoes falling on the ground) is generated by
Kubric [13] and trained with our pipeline.

With the explicit modeling of trajectories as a
3D representation, we introduce regularization
terms to improve the quality of the generated
results, focusing on motion fidelity and temporal
smoothness. For simplicity, let us assume P̃ is
reshaped to T ×N × 3, and use P̃τ to denote
the point cloud of shape N × 3 at time τ .

A common issue that arises during point track-
ing generation is the presence of excessive noise
(see Figure 4 middle). This noise can originate
from various sources, such as the variational
autoencoder (VAE) used to encode P into the
latent space. High-frequency noise in both spa-
tial and temporal dimensions tends to obscure
the main shape and motion, thereby impairing
the video model’s ability to track 3D points effectively. To mitigate noise and increase fidelity of
reconstruction, we propose the reconstruction loss Lrecon as follows:

Lrecon = c0

T∑
τ=0

∥P̃τ − Pτ∥+ c1

T∑
τ=1

∥P̃τ − P̃τ−1∥+ c2

T∑
τ=2

∥P̃τ − 2P̃τ−1 + P̃τ−2∥. (1)

Here the first term penalizes the difference between generated point cloud and the noise-free ground
truth P , ensuring generation fidelity, while the second term penalizes the difference between con-
secutive time step to encourage temporal smoothness; the third term further enforeces acceleration
smoothness, discouraging abrupt changes in velocity. We selected the weights ci so that each term
are about the same scale initially.
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Apart from the microscopic high-frequency noise, we observe a macroscopic shape deformation
in many of the generated point cloud (see Figure 4 bottom middle). Such deformation of arbitrary
degree is undesirable as most solid objects, including human body, inderently requies conservation
of volumn and local rigidity. Violating this can lead to unnatural shape deformation and morphing,
which is considerd undesired in our generation task. Hence we propose the rigidity loss Lrigid to
enforce local shape preservation:

Lrigid =

T∑
τ=1

∑
i

∑
j∈N (i)

(
dist(P̃τ

i , P̃τ
j )− dist(P̃0

i , P̃0
j )
)2

. (2)

Here, we apply a kNN search on the reference frame to construct local neighbor pairs, then penalize
changes in distance between these pairs.

By combining reconstruction and rigidity loss, we enhance the generation quality of the 3D point
cloud, as shown in Figure 4 (right). This improvement in the point space implicitly promotes shape
preservation and smooth motion transitions in the RGB video, as our video-point model closely aligns
the two modalities. To prevent the geometric regularizations from dominating the semantic aspects,
we jointly optimize these regularization terms with the standard diffusion denoiser losses Ldiff [36]
during training, resulting in an overall loss of the form (where λ[·] are corresponding weights):

L = λdiffLdiff + λreconLrecon + λrigidLrigid. (3)

4 Experiments

In this section, we demonstrate the effectiveness of our proposed method through both qualitative
and quantitative evaluations. Our fine-tuning approach can be seamlessly integrated into different
base video diffusion models. In our experiment, we adopt two baseline image-to-video models with
distinct architectures: a UNet-based model, I2VGen-XL [46], and a DiT-based model, CogVideoX
1.5 [43]. We refer readers to our supplementary material for more details on the training setup.

4.1 Qualitative Results

Although our model is designed to generate sequences of 2D images, our point augmentation and
regularization improve its ability to capture inherently 3D motions. To evaluate this, we test our
models on unseen images and visualize the generated RGB videos. For generation quality, we
primarily assess visual plausibility, with a particular focus on shape consistency and preservation. We
refer readers to our supplementary document and video for additional results.

Ours (UNet)

(a) It is a black and white 
photograph of an aston 
martin vulcan supercar 
driving on a race track.

I2VGen-XL

CogVideoX-1.5 Ours (DiT)

Prompt

(b) A male gymnast 
performing on a pommel 
horse.

Ours (UNet)I2VGen-XL

CogVideoX-1.5 Ours (DiT)

(c) A man is using a power 
saw to cut a piece of wood 
that is on a large wooden 
table.

Ours (UNet)I2VGen-XL

CogVideoX-1.5 Ours (DiT)

Figure 5: Qualitative Comparison. We compare our UNet and DiT models against their respective
baselines. The results show that both base models exhibit unrealistic artifacts, such as morphing,
while our models ensure smooth transitions in object shape and motion.
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Table 1: Quantitative Evaluation. We evaluate various aspects of our method against other models
using the VBench [17] and VideoPhy [4] benchmarks. The evaluated metrics are as follows: (VBench)
SC: subject consistency, BC: background consistency, MS: motion smoothness, AQ: aesthetic quality,
IQ: imaging quality; (VideoPhy) PC: physical commonsense. Our UNet and DiT models are compared
against their respective baselines, with higher scores highlighted in bold, while the highest achiever
among all models is underscored.

Method SC ↑ BC ↑ MS ↑ AQ ↑ IQ ↑ PC ↑
SVD 0.91807 0.93563 0.97735 0.43276 0.55174 0.34707
LTX Video 0.89001 0.90423 0.99152 0.44670 0.58667 0.33400

I2VGen-XL 0.83704 0.89356 0.96144 0.43140 0.60338 0.32876
Ours (UNet) 0.96003 0.95120 0.98458 0.42246 0.61003 0.37805
CogVideoX 1.5 0.91754 0.92923 0.98798 0.44534 0.60067 0.36549
Ours (DiT) 0.91768 0.92987 0.99201 0.45298 0.60531 0.41384

Comparison with base models. We compare our models side by side with their corresponding
base models: I2VGen-XL [46] for the UNet model and CogVideoX 1.5 [43] for the DiT model.
Using the same conditioning text and image, we visualize the generated RGB videos in Figure 5. In
the videos generated by the base models, noticeable artifacts such as object morphing and unnatural
deformations can be observed—for example, the car in (a), the gymnast in (b), and the power saw in
(c). In contrast, our models effectively eliminate unnatural shape and appearance distortions, resulting
in visually plausible outputs. While our UNet and DiT models differ in architecture and pretrained
baselines, we consistently observe a reduction in artifacts compared to their respective base models.

Task-oriented videos. A prevalent category of real-world videos features humans performing
specific tasks (see Figure 1), such as playing with a toy, cooking food, or handling tools. To highlight
the challenges of such scenarios, we evaluate three additional video models: SVD (stable-video-
diffusion-img2vid-xt) [5], DynamiCrafter [42], and LTX Video [14], alongside the two baseline
models. We observe that these models often struggle to capture localized details, particularly how
human hands interact with objects. This challenge stems from the inherently complex 3D nature
of these tasks, which cannot be fully captured using only 2D data. As a result, hands and objects
frequently undergo severe distortion or blurring. With our 3D regularization, our model effectively
preserves the shapes of both hands and objects, ensuring smooth transitions throughout the video and
demonstrating consistent quality improvements over the compared models.

4.2 Quantitative Results

To quantitatively evaluate the performance of our model, we adopt a test batch of randomly selected
images. The test images are sampled from a single batch of video clips (unseen by our model) from
the video dataset [9], with the initial frame randomly selected within each clip, totaling 372 images.
To ensure consistency, we use the same test batch across all quantitative evaluation metrics (including
ablation studies in subsection 4.3 and user studies in subsection A.5). In this section, we compare
various aspects of video quality between our two models and their respective baseline models, along
with two additional models for reference. The results are summarized in Table 1.

First, we assess the general aspects of video generation quality using VBench [17], evaluating both
temporal quality (subject/background consistency and motion smoothness) and frame-wise quality
(aesthetic and imaging quality) of the videos. The results show that our fine-tuned models outperform
their baselines in most categories, demonstrating the effectiveness of our approach in improving
video generation qualities, particularly in content consistency.

Beyond these general aspects, we are particularly interested in how the injection of 3D awareness
enhances alignment with real-world physical principles. It is important to note that determining
whether a 2D video is physically accurate is largely subjective, as ground-truth 3D physical states
are not available. Therefore, we utilize VideoPhy [4], which employs human annotations to train a
discriminator that provides a physical commonsense score. VideoPhy defines physical commonsense
from various perspectives, such as solid mechanics, where solid objects are expected to retain their
shape and size throughout the video, aligning with our objective. As shown in Table 1, our models
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(ii) No Regularization (iii) Ours (Full)Prompt

(a) A person is using a 
blue paintbrush to paint 
white stars on a table.

(i) No Point (v) No Diffusion Loss (iv) No Cross-Attention

(b) A person is stirring a 
cup of hot chocolate with a 
spoon.

Figure 6: Ablation Studies on Different Components. We compare the results from (iii) our full
generation pipeline with (i) training with video only, (ii) training with point augmentation only, (iv)
training without channel cross-attention, and (v) training without diffusion loss.

achieve a higher score for alignment with physical principles, outperforming their respective baselines
and other tested models.

Table 2: Evaluation of Points. We report the
MSE of predicted 3D points for the untrained
model, the model without regularization, and the
model with regularization, respectively.

Item Untrained No Reg With Reg

MSE ↓ 0.2125 0.0031 0.0020

To further demonstrate the efficacy of our 3D
point augmentation and regularization modules,
we evaluate the mean squared error (MSE) of the
predicted 3D point trajectories during diffusion
(using the input point tracking tensor as ground
truth), as summarized in Table 2. We observe
that, compared to an untrained diffusion model,
our network design effectively predicts 3D point
trajectories after the augmentation stage and further reduces the error through the regularization stage.

4.3 Ablation Study

Table 3: Quantitative Ablation Studies. We use
VBench [17] to evaluate the subject and background con-
sistency (SC/BC) of our full model, as well as models trained
without point augmentation (PA), without point regulariza-
tion (PR), cross-attention (CS), and diffusion loss (DL).

Metric Full No PA No PR No CS No DL

SC ↑ 0.9681 0.9434 0.9544 0.9332 0.7166
BC ↑ 0.9639 0.9492 0.9522 0.9329 0.9254

We conduct ablation studies on our
UNet-based model to evaluate the ef-
fectiveness of our training pipeline de-
sign. We visualize the inference re-
sults in Figure 6 and use VBench [17]
to evaluate the models’ subject and
background consistency in Table 3.
Our two-stage design of point aug-
mentation and regularization progres-
sively enhances the video model.
Compared to training the model with RGB videos only (Figure 6 (i)), our point augmentation
alone (Figure 6 (ii)) injects 3D awareness into the model and improves its ability to perceive 3D
shapes, as evidenced by more consistent object shapes in the videos. Our point regularization (Figure 6
(iii)) further improves quality by optimizing point generation and implicitly guiding RGB generation
towards higher fidelity. Our channel-wise cross-attention mechanism ensures cross-dimensional and
cross-modality alignment, without which video quality may degrade (Figure 6 (iv)). Furthermore,
in the regularization stage, we adopt a joint training strategy that combines regularization loss with
diffusion loss. We observe that dropping diffusion loss (Figure 6 (v)) causes 3D information to
dominate semantics, resulting in completely degraded results.

5 Conclusion and Discussion

To summarize, we propose a generation framework that incorporates 3D-awareness into video
diffusion models. By tracking objects in 3D and aligning them in pixel space, we elevate traditional
video datasets to a new dimension, revealing out-of-plane information previously inaccessible to
video models. Through joint training, the video model learns to perceive 3D shape and motion,
acquiring physical commonsense that is inherent in 3D. We then apply regularization to refine the
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generation process and further enhance the results, eliminating artifacts such as object morphing. Our
method can serve as an augmentation for various video models, and we showcase its effectiveness by
fine-tuning two widely-used video generation models (I2VGen-XL and CogVideoX 1.5). The results
demonstrate a strong capability in reducing non-physical artifacts in video generation, particularly
when applied to contact-rich, task-oriented videos.

Motion Magnitude and Smoothness Trade-off. In the design of our reconstruction loss (Equa-
tion 1), we align the generated 3D points with the ground truth positions while enhancing temporal
smoothness by minimizing velocity and acceleration. While we acknowledge that this loss introduces
a trade-off between motion magnitude and smoothness, the global dynamics are primarily governed by
the position term (to which we assign larger weights). As a result, we observe faithful reconstruction
of ground-truth dynamics during training (see Table 2). Moreover, discouraging abrupt changes
in velocity is often beneficial, as they typically induce morphing artifacts in generated video (see
Figure 5). We refer the reader to subsection A.2 for more details on the training setup.

Limitations. We acknowledge a few limitations of our framework. The degree of 3D-awareness,
rooted in our video-point joint training, is constrained by the resolution of our 3D points. While our
method does not require highly accurate point tracking for 3D prior, objects that are not sufficiently
represented may lead to suboptimal 3D perception by the video model. Recent advancements in 3D
point tracking [29, 40] could be deployed to enhance the 3D perception in our model. Additionally,
the generation quality of our model is limited by the base diffusion backbone and could potentially
be improved by employing larger-scale models. We leave these aspects as directions for future
exploration.

Concurrent Works. Concurrently, several studies have emerged to enhance shape and motion
consistency in video generation. [7] uses optical flow as a representation of object motion and does
not explicitly model object geometry. [18] proposes using point tracking to improve coherence;
however, it only utilizes 2D pixel correspondence without 3D spatial information. On the contrary,
our method explicitly models the 3-dimensional geometry and motion to provide spatial guidance to
the diffusion model.
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A Technical Appendices and Supplementary Material

Supplementary to the main paper, we provide more details on dataset creation in subsection A.1,
more details on implementation in subsection A.2, additional qualitative results in subsection A.3,
and a human preference evaluation in subsection A.5.

A.1 PointVid Dataset Generation

In this section, we present additional details on generating our 3D-aware video dataset, PointVid.
A visualization of the generation pipeline is provided in the main paper. Our pipeline requires no
additional annotations beyond the video-text pairs in common video datasets.

Preparation Starting with any video-text pair, we trim the videos to a fixed length T and shape
H×W , extracting the first frame of the clipped video as the reference frame. We then apply semantic
segmentation to the reference frame using Grounded-SAM2 [33, 32] to automatically generate masks
for foreground objects. To streamline the process, we utilize a language model, LMDeploy [10], to
infer the main moving objects in the scene based on the video’s caption. For example, the caption
A man swinging a baseball bat in a studio results in {man, baseball bat}. This object-level label is
subsequently fed to Grounded-SAM2 for prompt-based segmentation.

Point Tracking Having obtained a reference frame and its segmentation, we apply SpaTracker
[41] to track pixel movements accordingly. We use the same reference frame to query points
during tracking so that the 3D positions align with the first frame’s pixel locations initially. We set
downsample to 1 and gridsize to 80 in [41] to enable sparse tracking. We observe that sparse tracking
at this resolution provides a sufficient number of pixels while remaining relatively efficient in terms
of time. Increasing the resolution or using dense tracking could potentially enhance the results, but
we leave this for future exploration. The model outputs point tracking data of shape T × N × 3,
where N is the number of sampled points.

Algorithm 1 Post-processing for Point Tracking
Require: Tracked points P ∈ RT×N×3, Foreground mask M ∈ {0, 1}H×W , Resolution (H,W )
Ensure: Processed tensor P ∈ RT×H×W×3

1: Initialize: P ← 0 ▷ Initialize all values to zero
2: P← KalmanFilter3D(P) ▷ Reduce temporoal noise
3: P0 ← P[0, :, 0 : 2] ▷ Initial uv of 2D pixels
4: P1 ← P0

⋂
M ▷ Filter foreground pixels

5: Tr← KDTree(P1) ▷ Use initial uv for searching
6: for each foreground pixel M [u, v] = 1 do
7: if found P1[j] = (u, v) then ▷ Tracked pixel
8: P[:, u, v, :]← P[:, j, :]
9: else ▷ Untracked pixel

10: ind← Query(Tr, (u, v), k = 3)
11: P[:, u, v, :]← Interp(P[:, ind, :])
12: end if
13: end for
14: return P

Post-processing To mitigate temporal noise caused by inaccurate tracking, we first apply a Kalman
Filter to the 3D point cloud to estimate a global velocity and eliminate high-frequency noise. The
result is then reshaped to T × H ×W × 3, where the spatial coordinates of pixels are treated as
three channels, similar to RGB. To address the difference in shape between the N tracked points and
the video resolution, we apply the following rules: if a tracked pixel is not within the foreground
mask, we discard its value (effectively setting all background pixels to zero). Otherwise, we assign
its value to the corresponding pixel entry in the tensor. Since we use sparse tracking, only a subset
of foreground pixels have values. We then apply KDTree searching on the sparse pixels based on
their uv coordinates in the first frame. For all untracked pixels within the foreground mask, we
approximate their trajectory by interpolating their three nearest tracked pixels. The pseudocode for
post-processing is summarized in Algorithm 1.
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A.2 Implementation Details

In this section, we provide more details on our experiments.

Dataset We collect approximately 100K videos from [9] and our internal dataset (each accounting
for half) to form our PointVid dataset. The videos are processed to a resolution of 640 × 360 and
cropped to a 2-second length (the exact number of frames may vary due to varying input frame rates,
typically it is around 50 frames or more), and then paired with 3D point tracking using [41].

Model Training We implement our pipeline on two baseline models: UNet-based model I2VGen-
XL [46] and DiT-based model CogVideoX 1.5-5B [43]. For our UNet model, we use a resolution
of 448×256 with 16 frames; for our DiT model, we use a resolution of 1360×768 with 48 frames.
During finetuning, we train on 8 NVIDIA A100 80G GPUs with a batch size of 4 for UNet model
and a batch size of 1 for DiT model.

Joint Optimization To effectively inject 3D-awareness into the video model without degrading
the RGB modality (see subsection 4.3 for details), we adopt a joint optimization strategy combining
diffusion and regularization losses. In our experiments, we observe that when the regularization
loss significantly outweighs the diffusion loss (by orders of magnitude), it tends to suppress motion.
Conversely, when the diffusion loss dominates training, non-physical artifacts reappear. In practice,
we balance the two losses to maintain comparable magnitudes, which consistently reduces reconstruc-
tion misalignment and noticeably mitigates non-physical artifacts. To further preserve the motion
magnitute, we apply the regularization loss less frequently (once every k iterations, we use k = 5).
This adjustment preserves larger motion dynamics at the cost of requiring more training steps.

Computation Cost For our UNet model trained on an A100 GPU with a batch size of 4, we report
the additional computational cost as follows: incorporating 3D components and regularization losses
increases training time (∼9s per iteration, compared to ∼4.75s when fine-tuning on RGB video only)
while maintaining comparable GPU memory usage (adding less than 2GB on top of ∼45GB).

A.3 Additional Qualitative Results

Additional Ablation Results We provide additional qualitative results from our ablation studies
in Figure 7. Our point augmentation and regularization approach progressively enhance the visual
quality of the generated videos, while the channel cross-attention mechanism and diffusion loss are
also critical for ensuring high-quality results.

Additional Qualitative Comparisons We provide additional qualitative evaluations of our model
compared to other models: I2VGen-XL [46], SVD [5], DynamiCrafter [42]. These include both
task-oriented videos (see Figure 8) and videos from non-specific categories (see Figure 9), such
as humans, animals, and general objects. Our results demonstrate improved shape and motion
consistency of objects, effectively minimizing common non-physical artifacts like object morphing.

A.4 Additional Quantitative Results

While we use a fixed test set in all quantitative evaluations to ensure consistency, we also report the
VBench [17] results of our UNet model using the official batch split provided by VBench. The results
are summarized in Table 4. We observe similar outcomes as in the main comparison table (Table 1).

Table 4: Quantitative Results on VBench Test Batch. Our model outperforms the base model in
most evaluation metrics.

Method SC ↑ BC ↑ MS ↑ AQ ↑ IQ ↑
Baseline 0.89703 0.94009 0.96993 0.52809 0.62961
Ours 0.96418 0.96722 0.98319 0.51754 0.65428
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(a) A young man is holding 
a cell phone in his hand 
and looking at it.

(b) A person is using a tool 
to remove a speaker from a 
car.

(ii) No Regularization (iii) Ours (Full)Prompt (i) No Point (v) No Diffusion Loss (iv) No Cross-Attention

(c) The person is holding a 
piece of dumpling with 
their hands.

Figure 7: Additional Ablation Results.

A.5 User Study

Apart from the quantitative evaluation using VBench [17] and VideoPhy [4], we additionally conduct
a user study on our UNet model in comparison to its base model I2VGen-XL [46] to assess human
preference on the models, focusing on identifying non-physical artifacts and evaluating overall visual
plausibility. The following 5 questions are designed for evaluation:

1. Which video appears to have more physically realistic object movements and interactions?
(Consider aspects like gravity, collisions, and the natural flow of objects.)

2. (Negative) Which video contains more noticeable non-physical artifacts, such as object
morphing, stretching, or sudden changes in shape?

3. In which video do the objects maintain a more consistent size, shape, and appearance
throughout the entire sequence?

4. Which video better adheres to natural physics laws, such as consistent lighting, shadow
behavior, and material properties (e.g., rigidity or fluidity)?

5. Overall, which video feels more coherent and believable based on the physical interactions
and behavior of objects?

Given the evaluation questions, we ask 10 labelers to compare our generated videos side by side with
results from the base model and select the one that best fits each question. We use the same testing
batch used in quantitative evaluation. As shown in Table 5, our method demonstrates significant
improvement in terms of physical plausibility by incorporating 3D awareness into the video.

Table 5: User Study Results. Our model demonstrates a significant improvement in physical
plausibility, as assessed by human labelers. Here, Q2 asks the user to identify negative artifacts in the
videos, while the other four questions positively assess physical plausibility.

Method Q1 ↑ Q2 ↓ Q3 ↑ Q4 ↑ Q5 ↑
Baseline 0.138 0.862 0.135 0.132 0.137
Ours 0.862 0.137 0.865 0.868 0.863
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Ours

(a) A person is using a black marker to color in the hair of a stuffed animal.

I2VGen-XL

SVD DynamiCrafter

Ours I2VGen-XL

SVD DynamiCrafter

(b) A person is stirring a cup of hot chocolate with a spoon.

Ours

(c) A person is using a knife to cut open a sweet potato on a wooden cutting board.

I2VGen-XL

SVD DynamiCrafter

Ours I2VGen-XL

SVD DynamiCrafter

(d) A woman is preparing a salad in a blue bowl with a black spoon.

Ours

(e) The person is working on a piece of fabric.

I2VGen-XL

SVD DynamiCrafter

Ours I2VGen-XL

SVD DynamiCrafter

(f) A hand holding a small black card with a barcode on it..

Ours I2VGen-XL

SVD DynamiCrafter

(g) A man is working with his hands in a workshop.

Figure 8: Additioanl Comparison on Task-oriented Videos.
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(b) A man is sitting on a roof and talking to the camera.

Ours I2VGen-XL

SVD DynamiCrafter

(c) A man is petting a red fox in an enclosure.

Ours I2VGen-XL

SVD DynamiCrafter

(d) Two guinea pigs in a cage next to each other.

Ours I2VGen-XL

SVD DynamiCrafter

Ours I2VGen-XL

SVD

(e) An athlete races his car around a turn on the track.

SVD DynamiCrafter

(a) A young man is standing in front of a motorcycle in a garage.

(f) A close up of a toy pony with blue hair.

(g) A piece of metal being melted in a furnace.

Ours I2VGen-XL

SVD DynamiCrafter

Ours I2VGen-XL

SVD DynamiCrafter

Figure 9: Additional Comparison on General Categories.
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .

• [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",

• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims are supported by various experiments (see "experiments"
section).

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: See "conclusion and discussion" section.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: The paper does not include theoretical results.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper provides detailed descriptions of experiments (see "experiments"
section and "implementation details" section of the appendix).

Guidelines:
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• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: The authors will release the dataset and generation pipeline upon acceptance.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: See "experiments" section and "implementation details" section of the ap-
pendix.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: The paper provides detailed information on the experimental results.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: See "implementation details" section of the appendix.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
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• The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

• The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: The paper conforms with it every respect.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [NA]
Justification: The paper does not introduce new societal impact compared to its baseline
models.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:
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• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All existing assets used in the paper are properly credited and respected.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The paper provides detailed information regarding new assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]
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Justification: See "user study" section of the appendix.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [Yes]
Justification: See "user study" section of the appendix.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The paper does not involve LLM in its core methodology.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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