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Phenomenon Explain: The green cube gets a slight force, the blue cylinder fell of f from it.

Phenomenon Explain: The purple sphere gets a slight force, fell off and collide with others.
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Phenomenon Explain: The box gets a force and pushes its way to another pile of objects.

Phenomenon Explain: The two plant bowls both received a velocity and collide with each other.
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Fig. 1: Videos generated by STANCE. User input: one keyframe, coarse 2D arrows,
per-instance mass, and a scalar depth delta Az. Controls yield physically meaning-
ful edits while preserving appearance: increasing mass can reverse collision outcomes,
larger speeds produce longer travel and earlier contact, and rotating the arrow reori-
ents trajectories and shifts contact points; Az disambiguates out-of-plane intent under
camera motion. Examples span both simple collision setups and realistic scenes, in-
cluding gentle pushes that dislodge or trigger collisions.

Abstract. Video generation has recently made striking visual progress,
but maintaining coherent object motion and interactions remains dif-
ficult. We trace two practical bottlenecks: (i) human-provided motion
hints (e.g., small 2D maps) often collapse to too few effective tokens after
encoding, weakening guidance; and (ii) Current architectures inevitably
bias toward pixel-level texture reconstruction over complex structural
motion, yielding videos that are photorealistic but physically incoherent.



2 7. Chen et al.

We present STANCE, an image-to-video framework that addresses both
issues with two simple components. First, we introduce Instance Cues,
a pixel-aligned control signal that turns sparse, user-editable hints into a
dense 2.5D (camera-relative) motion field by averaging per-instance flow
and augmenting with monocular depth over the instance mask. This
reduces depth ambiguity compared to 2D drag/arrow inputs while re-
maining easy to user. Second, we preserve the salience of these cues
in the latent token space with Dense RoPE, which tags a small set
of initial-frame motion tokens with spatially-addressable rotary embed-
dings. Finally, rather than treating appearance and structure as loosely
coupled tasks, STANCE integrates an auxiliary stream directly within
the same Diffusion Transformer (DiT). By sharing identical latent tokens
and Dense RoPE, this auxiliary stream acts as a "geometry witness" that
heavily penalizes geometric drift.

1 Introduction

Recent progress in controllable video generation |[1,}4|10,29,30] has made it
possible to synthesize video clips with rich appearance and diverse dynamics,
fueling applications in entertainment, XR, driving, and robotics. Yet, despite
impressive visual quality, maintaining logical and physical coherence like consis-
tent object trajectories, inertia-like motion, and interaction plausibility remains
challenging for large video diffusion/autoregressive backbones. Despite strong re-
cent progress, ensuring temporal and interaction coherence remains non-trivial.
In practice, models that excel at appearance can still exhibit small motion in-
consistencies like drift in trajectories or ambiguous contacts, especially when
guidance comes from simple control inputs.

One line of work [15] tackles coherence by conditioning on full trajectories,
which can stabilize object motion but assumes frame-level scripts or dense su-
pervision. In practice, this is rarely available or easy to edit. We focus on a
concrete, widely relevant regime: rigid object interactions with contacts, where
plausibility depends on getting interaction timing and motion continuity right.
These aspects are easy for humans to specify coarsely (e.g., directions, speed
hints, relative sizes) but hard to author frame by frame. Rather than replac-
ing the generative prior with a trajectory controller, we keep the prior in the
loop and steer it using sparse, human-editable cues that are lifted into a dense,
model-friendly representation.

From a modeling perspective, incoherence does not stem solely from miss-
ing “physics.” Two pragmatic factors often erode controllability: (i) sparse, low-
resolution control maps (especially when injected at a single time slice), can be
washed out by tokenization and early attention, leaving too few effective tokens
to guide the backbone; (ii) objectives that couple appearance and motion can
induce trade-offs, where improving visual quality often comes at the expense of
motion consistency. Therefore, a useful control pathway should remain token-
dense after encoding, preserve precise spatial alignment, and enable high-quality
synthesis while maintaining coherent motion. In our setting, control tokens en-
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code initial conditions (who moves, where, how fast, with what mass) rather
than full future trajectories, and the DiT is responsible for learning physically
reasonable rollouts of rigid-body collisions.

Concretely, we introduce "Instance Cues" as a pixel-aligned motion con-
trol. During training, we derive per-instance average flow (augmented with monoc-
ular depth) and spread it over the instance mask. Unlike 2D drag/arrow inter-
faces [19}/33] which lack depth awareness and can be ambiguous under camera
motion, our depth-augmented cues encode a direction with depth (2.5D, camera-
relative), improving spatial disambiguation. We further introduce a "Dense
RoPE" mechanism: instead of passing a single low-res map, we select salient
spatial locations and assign high-salience, spatial-addressable rotary embeddings
to the corresponding motion tokens. Then, we jointly synthesize RGB and a
structural stream (segmentation or depth) under the same instance cues. The
two streams share spatio-temporal tokens and attend to the same cue tokens, so
the structural head regularizes the RGB head, tightening alignment and reduc-
ing drift without requiring per-frame scripts. In summary, we make three main
contributions:

— Pixel-aligned, human-editable control. We convert sparse user hints
into a dense, pixel-aligned 2.5D motion field. Compared with pure 2D drag or
arrow inputs, our depth-augmented cues disambiguate motion under camera
movement, remain easy to author, and preserve appearance while steering
direction, speed, and contact outcomes across multiple objects.

— Token-dense injection via Dense RoPE with a structural witness.
To keep control effective after encoding, we select nonzero sites in each target
region and assign a fixed budget of motion tokens tagged with first-frame
RoPE, preserving spatial identity over time. We jointly train RGB with a
lightweight structural head (depth) that attends to the same cues, acting as
a geometry witness.

— Comprehensive data and validation. We curate a 200k-clip dataset of
rigid-object interactions spanning single and multi-object cases as well as re-
alistic scenes, and run extensive ablations isolate the contributions of Dense
RoPE and the auxiliary structural stream, showing gains in control faith-
fulness (direction, speed and mass), temporal coherence (reduced hover and
drift), and interaction plausibility (cleaner contact onsets).

2 Related Works

2.1 Video Diffusion Models

Recently, diffusion models have demonstrated remarkable progress across a vari-
ety of video generation tasks. The ability to effectively capture complex spatio-
temporal dependencies, making diffusion models well-suited for video generation
where both high visual quality and frame-to-frame consistency are essential.
Early video diffusion models [1}/9}/26] were primarily built on UNet-based frame-
works, which has a symmetric encoder—decoder structure with skip connections.
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This design facilitates efficient extraction of spatial information, while temporal
attention modules are often incorporated to further enhance temporal consis-
tency across frames |[8].

More recently, Diffusion Transformers (DiTs) have become the dominant ar-
chitecture for video generation [13|[16}25,29,32]. By leveraging self-attention
mechanisms, DiTs achieve superior modeling of long-range spatio-temporal de-
pendencies, leading to significant improvements in both visual quality and tem-
poral coherence. Compared with UNet-based architectures, DiTs provide greater
flexibility in scaling to large models and datasets, better parallelization during
training and inference, and a unified architecture that naturally accommodates
multi-modal conditioning.

2.2 Motion-conditioned Video Generation

While recent video diffusion models show impressive visual quality, maintaining
coherent motion remains challenging. Unlike pure text-to-video generation—where
motion is implicitly induced by abstract prompts—motion-conditioned video
generation must accept explicit signals that steer dynamics and better align
with user intent. Flow-based conditioning has been explored to inject motion
cues into the generative process [5,/19,/20], and drag-based interfaces let users
specify trajectories by placing start/end handles on object parts [14,27,30].

Despite this progress, important gaps persist. First, many control signals are
either cumbersome to author or too sparse after encoding to effectively shape
dynamics; downsampling and tokenization can wash out weak cues, especially for
small or thin objects. Second, temporal coherence can break around contacts:
models may hover before impact, mis-time contact onsets, or exhibit bounce-
backs without contact, revealing a mismatch between appearance fidelity and
interaction plausibility. Third, most methods cannot modify object properties
(e.g., mass), which limits faithfulness to user intent and basic physical expecta-
tions. For instance, in a collision between a large ball and a smaller one, a user
might specify a heavier small ball that should dominate the interaction; in prac-
tice, model priors often enforce the opposite outcome. Concurrently, VACE [11]
proposes an all-in-one DiT-based framework for unified video creation and edit-
ing, organizing diverse multimodal inputs (text, frames, masks) into a Video
Condition Unit (VCU) and injecting them via a Context Adapter. VACE focuses
on broad task coverage, but does not target object-level drag-based control with
explicit supervision. Our Instance Cues, Dense RoPE, and joint auxiliary head
are complementary to this line of work, aiming instead at a learned, physics-
aligned rigid-body simulator under controllable motion editing.

3 Method

3.1 Preliminary

Recent open-source systems adopt diffusion transformers (DiT) for video genera-
tion [22,29]. Two design shifts distinguish these models from earlier approaches:
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Fig. 2: Pipeline of STANCE. Our method is organized as follows: (1) Left: we
extend the input of DiT to include new alpha tokens, and use a train-able MLP to
tokenize instance cues. (2) Right: The modality embeddings are added to the auxiliary
tokens, and the instance cue tokens are paired with Dense RoPE.

(i) instead of alternating 1D temporal and 2D spatial attention blocks [2H4132],
they apply a single 3D spatio-temporal self-attention; (ii) text tokens are con-
catenated with visual tokens and the entire sequence is processed by full self-
attention (rather than text-only cross-attention). Full self-attention is then ap-
plied across the combined sequence:

T

K
Attention(Q, K, V) = softmax (Q

V, where
vy )

Z:7¢{QK,V) (1)

= [Wz:ze{q,k,v} (xtext); fz:ze{q,k,v} (Xvideo)]

Here W, (for t € {q, k,v}) represents the projection matrixs in the transformer
model, and f; (for ¢t € {q,k,v}) represents a combined operation that incor-
porates both the projection and positional encoding for visual tokens. A key
modeling choice is the positional encoding for video tokens (indexed by a spatio-
temporal position m) prior to projection.

There are two commonly used types of positional encoding. One is absolute
positional encoding formulated as follows:

fz:ze{q,k,v}(xvideo) = Wz:ze{q,k,v}(xgibdeo + pm), (2>

where p is the positional embedding (e.g., a sinusoidal function) and m denotes
the position of each RGB video token. Another approach is the Rotary Position
Embedding (RoPE) |21], often used by [22,/29]. This is expressed as

fz:zE{ch}(Xvideo) = Wz:ze{q,k:}(xcildeo) o eim97 (3)

where m is the positional index, i is the imaginary unit for rotation, and 6 is the
rotation angle.
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3.2 Our Approach

Figure [2] illustrates STANCE’s pipeline. Given a text prompt and a keyframe,
the user supplies instance masks, coarse arrows, and a mass tag per instance. We
convert these sparse inputs into a dense, pixel-aligned instance cue field (2.5D,
camera-relative) and inject it into the model with Dense RoPE tagging. The
model jointly predicts RGB and an auxiliary structural map (segmentation or
depth), sharing spatio-temporal tokens and attending to the same cue tokens.

Sparse—Dense Motion Cues We use instance cues as the control signal: a
few per—object motion hints that are expanded into a dense, mask—aligned field
(2.5D when depth is used). t remains easy to use.

Training. For each clip we have optical flow O between two reference frames and
an instance map on the first frame. For every instance ¢ with pixel set 2, we
compute a mean motion vector by averaging flow over the instance, then paint
this vector back over the renderer-provided ground truth mask to obtain a dense

field: 1
7@ =
v = 00| Z O(z,y) .
(z.)eQ®

With monocular depth provided, analogous to optical flow, we derive a per-
instance delta depth: given monocular depths D; and Dyyi, we set Az, =
meanpe s, (Di11(p) — Di(p)), and append this scalar as the third control chan-
nel, yielding a camera-relative “2.5D” cue.

Inference. A user specifies a keyframe, per-instance masks (e.g., SAM [12]), and
a coarse 2D arrow for each instance, together with a mass value. We rasterize
each arrow inside its mask to obtain a dense in-plane control map. Optionally,
the user provides a scalar depth delta Az per arrow, which we broadcast over the
same mask and append as a third control channel (as in training) to disambiguate
motion under camera movement. The per-instance mass is fused in exactly the
same manner as Az: the scalar is broadcast over the instance mask and appended
as a fourth channel of the dense instance-cue field (flow u, v, Az, mass m) before
patchify, so it stays spatially aligned and is naturally selected by Dense RoPE
alongside the motion channels. In Fig.|3] the vertical axis depicts the user-drawn
in-plane arrow (Az = 0, black); a positive depth delta (red, right of 0) indicates
motion into the screen, whereas a negative depth delta (blue, left of 0) indicates
motion out of the screen.

3.3 Dense RoPE

Motivation: Downsampling during patchify often makes the 2D control mask
extremely sparse: a few informative value are surrounded by many zeros, par-
ticularly for small or thin region. We keep only the nonzero sites and enforce
a fixed token budget, guaranteeing enough motion tokens even for tiny objects.
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Fig. 3: Left: 2D Map vs. Dense RoPE. When the 2D control map is downsampled,
many tokens inside the window become zeros, yielding a sparse signal that weakens
control. Dense RoPE performs non-zero token extraction over the target region (col-
ored), preserves/assigns positional embeddings (e1, ..., en), and feeds a compact, dense
sequence to the model—resulting in stronger, spatially focused control. Right: Depth
control. The upward black arrow is the user-drawn 2D arrow; by manipulating a scalar
depth delta (A depth on the horizontal axis, [—1, +1]), the user specifies out-of-plane
motion: A > 0 (red) points into the screen (away from the camera), while A < 0 (blue)
points out of the screen (toward the camera).

Each selected token is tagged with its first-frame RoPE so its spatial identity
persists over time; these tokens act as stable, high-signal anchors that later lay-
ers can reliably attend to. Unlike global rescaling, this directly reduces dilution
and keeps the control pathway token-dense and spatially aligned after encoding.

Let the first—frame control mask be M € {0,1}* on the latent token grid,
and let Xy € REXC denote the per-token control features (e.g., patchified 2.5D
instance-cue latents). We collect active indices

={ie{l,...,L}: M; =1}, m = |02|.
To meet a fixed budget NV of motion tokens required by the backbone, we form
an index list J by
uniformly subsample 2 to length N, m > N, ]
= =
tile and truncate {2 to length IV, m < N,
Given the selected index set J and per-token flow features X]Cue € RY for
j€J, we form query q, key k, for the motion tokens using the same f, operator

as visual tokens, where p’ is the first-frame positional code at site j, and scaled
by a learnable gain g:

% = G5) = W), K = o) = Wil )

we then concatenate motion tokens into the full sequence. The detailed algorithm
flow can be located in the supplementary section.

3.4 Joint Auxiliary Generation

Joint RGB + auxiliary map generation. We extend the pretrained RGB video
backbone to jointly synthesize an auxiliary structural stream (segmentation or
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depth) alongside RGB. Concretely, we duplicate the video token sequence so the
model handles two modality-aligned streams of equal length L: the first L tokens
decode to RGB and the next L tokens decode to the auxiliary map:
XU, — (Xl XL

Positional alignment with a light domain tag. RGB and auxiliary tokens
at the same spatio—temporal index share the same positional code to enforce
pixel/time alignment; a tiny learnable domain embedding marks the additional
modality.

fz (Xvideo) _ Wz (Xvideo + pvideo)7 f;ﬂ (Xaux) _ Wz (Xaux + paux + daux)7
(5)
where d,ux is a learnable, zero-initialized domain vector; for RoPE we simply
apply the same rotary index 6, to both RGB and auxiliary keys/queries at m.
Self-attention is applied over text and both streams:

Ze{QK,V} = [W.(xeext); £-(xE) 5 £ (x1E)]. (6)

Training objective. We keep the diffusion objective and supervise both heads;
the joint loss is

£ = Eeefflewn —ell} + Maullso — ). (7

with a single weighting A,.x. Joint prediction stabilizes optimization: the aux-
iliary stream anchors structure/geometry while RGB focuses on appearance.
Empirical comparisons are reported in Sec. [£.2]

4 Experiments

Dataset Preparation. We build our dataset on Kubric [7], rendering 200k short
clips of rigid-body interactions split evenly between (i) simple scenes with single-
or multi-ball interactions and (ii) composite realistic scenes with scanned objects
and randomized backgrounds. In the simple subset we place one or more rigid ob-
jects in a minimal environment and randomize object shape (ball vs. a small set
of primitives), mass, initial linear velocity, and initial position/orientation; light-
ing uses three rectangular area lights plus a directional sun with fixed placements
and randomized intensity /temperature. In the composite subset we replace prim-
itives with GSO [6] assets and render against backgrounds sampled from 5,000
environment maps, randomizing object selection, placement, and pose to induce
diverse contacts and occlusions. Camera intrinsics/extrinsics and renderer set-
tings are kept consistent within each scene, while material, friction, restitution,
and object counts are sampled within bounded ranges to diversify collisions. We
construct held-out validation and test splits from both subsets to avoid scene-
or asset-level leakage.
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Fig. 4: Applications. Left: Provide with the first frame, we alter the magnitude of
the velocity and mass for the synthetic objects. Right: For realistic objects, the mass
is fixed, thus we altered the direction and magnitude of velocity only. The video clips
for all shown cases can be located in the HTML files.

Model. We fine-tune the CogVideoX-1.5 (5B) Image-to-Video backbone
with our Instance-Cue injection and Dense RoPE. Unless otherwise noted, the
model generates RGB videos at 512 x 512 resolution, 49 frames, 16 FPS. We
finetune for 50k iterations on 8x H100 GPUs; the base tokenizer and text en-
coder remain frozen. For domain conditioning, we use a learnable 1 x D vector
(zero-init) that is tiled to L x D per sequence during training. Matched compute.
The auxiliary stream duplicates only the video tokens; the backbone, attention
heads, and parameter count are identical to the RGB-only model, so the gains
stem from the control design rather than added capacity. Generating a 49-frame
5122 clip on a single A100 takes ~80s (RGB-only) versus ~120s (joint).
Applications. Our interface takes a keyframe with instance masks, per—instance
arrows that encode the initial velocity vg, a scalar depth delta Az per arrow,
and a per—instance mass scalar m. These Instance Cues are encoded as our 2.5D
(camera-relative) control and injected into the video backbone.

Speed sweep. With mass fixed, varying both the magnitude and direction of
the initial velocity vq yields predictable kinematics: increasing ||vg|| increases
displacement over a fixed horizon and reduces time-to-contact, while rotating
vo/||vo|| reorients the trajectory and shifts the contact point; visual appearance
remains unchanged. (Fig. 4] top).

Mass sweep. With vq fixed, changing m alters post—contact behavior: mass
variation of the red cylinder reverses the collision outcome—when light, it is
deflected by the blue ball; after increasing its mass, it instead pushes through
and ejects the ball.(Fig. [4] center).
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Fig. 5: Qualitative Comparisons. We compare against recent baselines. All videos
are temporally aligned (trimmed or padded to a fixed duration) and spatially normal-
ized (resized for visualization). STANCE attains superior visual fidelity while main-
taining strong physical coherence. The video clips for all shown cases can be
located in the HTML files.

In multi-object scenes, editing a single arrow or mass produces coherent
chain reactions without frame-level scripts (Fig. @ bottom-left). Thanks to
depth—augmented cues and Dense RoPE, guidance remains spatially localized
and temporally consistent.

Evaluation set. We render an additional 200 held-out clips (100 simple, 100 com-
posite) never seen during training. Evaluation is conducted on two splits: Regular
scenes and a harder Small-object subset (thin/tiny instances). Unless otherwise
noted, all methods generate 49 frames at 16FPS and 512 x 512 resolution.

Metric: Physics IQ (7). To assess motion coherence, we report Physics IQ —a
single score that emphasizes how things move, not just how they look. Physics IQ
aggregates a few simple, normalized checks: (i) Spatial IoU (where action hap-
pens), (ii) Spatiotemporal IoU (where and when action happens), (iii) Weighted
Spatial IoU (where and how much action happens, weighting by motion mag-
nitude), and (iv) MSE (how action happens, penalizing deviation from target
motion signals). Scores are combined and rescaled to a 0-100 index (higher is
better). Compared to common video metrics (e.g., FVD /LPIPS), Physics
IQ is more indicative of motion coherence and interaction plausibility, which are
the focus of our setting.

4.1 Comparisons

We compare STANCE with strong video baselines and editing-by-control meth-
ods, and Fig [f] illustrates the outcomes.
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Table 1: Ablations on control and joint Table 2: Baseline comparison.
supervision. Evaluated on a held-out set We included a 2B model for fair com-
with Regular scenes and a harder Small-object parisons. We report Physics-1Q (T;
subset (thin/tiny instances). Rows compare: (i) motion coherence/contact plausibil-
text-conditioned baseline, (ii) Instance Cues as ity) and FVD (]; perceptual realism)
a low-res 2D map, (iii) our Dense RoPE motion averaged over a 200-clip held-out set.
tokens, and (iv) joint RGB+Depth/Seg super- Best and second-best are highlighted.
vision.

Method Physics-1Q 1 FVD |
Physics-1Q 1 FVD |
Baselines
Regular Small Regular Small SG-I2V 15.42 113.54
Control Signals Drag-Anything 24.86 92.78
text-conditioned 24.08 _— 97.40 _— MOFA-VidEO 29.71 98.30
w/ 2D-Map 43.72 31.92 56.20 58.59 MotionPro 31.58 74.97
w/ Dense RoPE  46.89 41.83 54.63 56.32
VLIPP 36.40 57.90
Joint Auz. Gen
Only RGB 46.89 41.83 54.63 56.32 Ours
w/ Depth 49.03 45.63 50.39 51.32 STANCE-2B 45.90 54.97
w/ Segmentation 47.96 45.12 53.09 53.35 STANCE-5B 47.62 50.74

Control faithfulness. Given the same keyframe, instance masks, and arrows,
STANCE adheres to the intended directions and relative magnitudes (speed /mass
edits) while preserving object identity across frames. VLIPP [28] specify behav-
ior via prompts rather than pixel-aligned cues; this leaves spatial and metric am-
biguities (where, how far, how fast), yielding less precise control than STANCE
(Fig. [5).

Contact timing and continuity. STANCE produces cleaner contact onsets
and fewer "hovering” frames before/after impact. While VLIPP |28] often achieves
strong appearance control, its physical consistency is weaker; e.g., in the syn-
thetic case (Fig. | left), two objects begin to bounce back before contact. Con-
versely, MOFA [19], MotionPro [31] provide precise per-object targeting, but
tend to struggle with appearance consistency over time (identity/texture drift
and mask leakage under longer sequences or viewpoint changes), whereas our
joint RGB+structure training under shared instance cues mitigates these fail-
ures.

Quantitative results. We report comparisons in Table Across the 200-
clip held-out set, our method attains the highest Physics IQ (1), outperform-
ing SG-12V 18|, Drag-Anything |27, MoFA-Video |19]|, MotionPro [31], and
VLIPP |28].

Comparison with trajectory-based control. We additionally compare against
Wan-Move, a trajectory-conditioned baseline built on a larger 14B backbone
(Tab. . Despite using far fewer parameters, STANCE-5B matches its Physics-
IQ (47.62 vs. 47.50); the heavier 14B backbone attains a lower FVD, as expected
from scale. Conceptually, trajectory methods prescribe how tokens follow an ex-
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Table 3: Comparison with a trajectory-based baseline. STANCE-5B matches
a 14B trajectory-conditioned model on Physics-1Q at a fraction of the parameters.

Method Physics-1Q 1 FVD |
STANCE-5B 47.62 50.74
Wan-Move-14B 47.50 45.78

Table 4: Disentangled Dense RoPE ablation (small/thin and regular objects
merged). Re-samp.: active-site token selection; FF-RoPE: first-frame positional an-
choring.

Re-samp. FF-RoPE Physics-1Q 1+ FVD |

X X 31.92 66.20
v X 87.45 58.18
X v 35.21 54.74
v v 37.83 54.63

ternally specified path, whereas STANCE specifies what to allocate and lets the
DiT roll out its own dynamics.

4.2 Ablation Studies

Dense RoPE. We keep the backbone, training budget identical and compare:
(i) text-only CogVideoX, (ii) CogVideoX + 2D-arrow control (single low-res
map), and (iii) ours with Dense RoPE. On the full held-out set, Dense RoPE
consistently improves Physics 1@ over all baselines. On the small-object sub-
set, gains are most pronounced: when objects occupy few pixels, the 2D map and
naive tokenization collapse to very few effective tokens, leading to weak guid-
ance; tagging a small set of motion tokens with Dense RoPE preserves spatial
addressability and reduces drift /identity swaps under occlusion.

Disentangling Dense RoPE. We further factorize Dense RoPE into its two components—
active-site re-sampling and first-frame positional anchoring (FF-RoPE)—and
find their contributions additive (Tab. . Re-sampling alone alleviates token
dilution on small/thin objects, while first-frame anchoring gives each token a
stable spatial identity across frames; enabling both yields the best Physics-1Q
and FVD.

Awuzxiliary Ablation To comprehensively validate our joint generation strategy,
we evaluate two types of auxiliary modalities and three structural designs for
integrating them. These six joint configurations are compared against a standard
RGB-only baseline.

First, we evaluate how to best incorporate these targets into the DiT archi-
tecture (see Fig. @: (i) Batch Extension: Expanding the batch dimension B and
introducing a new module for inter-batch communication (similar to [24]). Em-
pirically, this design struggles to capture tight spatial correspondence, resulting
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Fig. 6: Ablation of target injection into DiT. Batch extension yields weak control
due to poor spatial correspondence; latent-dimension extension degrades diversity by
disrupting the pre-trained feature space. Our sequence-level extension provides stronger
control and better physical coherence while preserving generative quality.

in weaker controls. (ii) Latent Dimension Extension: Merging video and auxiliary
tokens along the latent dimension D, projecting them into the DiT’s latent space
via learnable linear layers, and unmerging them post-generation. While straight-
forward, this alters the pre-trained feature space, severely degrading generative
diversity. Our sequence-level extension achieves the optimal balance (Fig. @: it
facilitates better controls and physical coherence while preserving the generative
quality of the pre-trained prior (low FVD).

Next, holding the architecture fixed, we compare the modalities in Tab. [T}
Both joint variants (RGB+Seg and RGB-+Depth) improve Physics-1Q over the
RGB-only baseline, demonstrating that predicting a structural target stabilizes
optimization. On the Regular split, depth yields the highest Physics-1Q: its con-
tinuous 2.5D cue improves perspective and order reasoning, making contact and
motion more coherent than using masks alone. Conversely, on the Small-object
split, the performance gap shrinks; segmentation’s sharp boundaries provide
stronger spatial anchors for tiny or thin targets, whereas monocular depth tends
to be noisy at small scales.

4.3 User Study

To further support our editing quality and physical plausibility, we include a user
study, and the specifications are listed below: A total of 30 videos are generated,
and 87 users participated in the evaluation. The number indicates the users
preference in (%). We excluded SG-12V |18] and MOFA-video [19] due to poor
quality.

Table 5: User Study: comparison of physical plausibility and control faithfulness.

Method Physical plausibility Control faithfulness
MotionPro 8.7% 11.7%
VLIPP 8.0% 16.0%

STANCE (ours) 83.3% 72.3%
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Input Frame Phenomenon Explain: We gave the white a down pointed force, it hits the orange ball then bounce back.

Fig.7: Pool playing demos. We evaluate STANCE by "playing" a pool game.
Given the first frame and user-specified initial velocities, STANCE follows the direc-
tions/speeds, preserves object identity, and produces physically coherent outcomes.

4.4 Real-World Demonstration

Pool Playing tests. We evaluate STANCE to the playing pool domain (Fig. @
In this scenarios, the model accurately simulates the elastic collisions between
the cue ball and the rack, demonstrating precise momentum transfer.

Real-world captured tests. We also evaluate STANCE on simple collision scenar-
ios captured with a handheld smartphone (Fig. , including tabletop rolling/sliding
and two-object contact events. The model follows user-specified directions/speeds
and preserves object identity across frames. In a domino-like chain example, it
maintains consistent appearance for each piece (shape, texture, shading) while
producing physically coherent interactions: contacts trigger sequential topples
with plausible timing and momentum transfer, without pre-impact “hover” or
bounce-back.

5 Limitations

Our approach is primarily limited to rigid body motions, struggling with complex
non-rigid deformations. Additionally, regarding robustness, the model tolerates
mild mask perturbations (e.g., small erosion or misalignment) well, but heavy
noise in control arrows causes it to compromise between the noisy input and its
learned priors, leading to weakened or rotated motion.
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Input Frame Phenomenon Explain: The cylinder gets a gentle force and collide with the black, causing domino effects.

T

Phenomenon Explain: The yellow gets a force to the left and squeeze the fransparent box in the middle.

Phenomenon Explain: The yellow gets a gentle force to the left, collide and bounce back.
Phenomenon Explain: The makeup rolls to the left, collide with the first object, causing domino effects.

HARRERS

Fig. 8: Real-world demos. We evaluate STANCE on tabletop collisions shot with
a hand-held phone. Given the first frame and user-specified initial velocities, STANCE
follows the directions/speeds, preserves object identity, and produces physically coher-
ent outcomes.

6 Conclusion

We present STANCE, a controllable image-to-video framework that turns sparse,
human-editable hints into token-dense, pixel-aligned guidance for coherent mo-
tion synthesis. By introducing Instance Cues with camera-relative 2.5D depth
and Dense RoPF for spatially addressable rotary embeddings, our method effec-
tively resolves motion ambiguity and strengthens the control pathway. Coupled
with a lightweight structural head that acts as a geometry witness, STANCE sig-
nificantly improves temporal and interaction coherence while maintaining high
visual quality.
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