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Abstract
Recent advancements in image animation have utilized diffusion
models to breathe life into static images. However, existing control-
lable frameworks typically rely on Lagrangian motion guidance,
where optical flow is estimated relative to the initial frame. This
paper revisits the same optical-flow primitive through a more local
supervision design: we use adjacent-frame Eulerian motion fields
to guide generation, where the motion signal always describes a
short temporal hop.This shift enables parallelized training and pro-
vides bounded-error supervision throughout the generation pro-
cess. To mitigate the drift artifacts common in adjacent frame gen-
eration, we introduce a Bidirectional Geometric Consistencymech-
anism, which computes a forward-backward cycle check to mathe-
matically identify andmask occluded regions, preventing themodel
from learning incorrect warping objectives. Extensive experiments
demonstrate that our approach accelerates training, preserves tem-
poral coherence, and reduces dynamic artifacts compared to reference-
based baselines.

CCS Concepts
• Computing methodologies → Motion capture; Procedural
animation; •Theoryof computation→Theory and algorithms
for application domains.

Keywords
Image Animation, Motion Guidance, Geometric Consistency

1 Introduction
The pursuit of “bringing images to life” has long been a fascination
in computer vision, evolving from early Generative Adversarial
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Network (GAN)-based approaches [26] to recent controllable dif-
fusion models [12, 40]. While current Image-to-Video (I2V) frame-
works such as Stable Video Diffusion [2] and Lumiere [1] can gen-
erate plausible short clips, ensuring robust long-term temporal con-
sistency under complex motion remains a formidable challenge.
The core difficulty lies in maintaining the identity and structure
of the initial image while adhering to complex motion dynamics
over time.

Existing methods [17, 22, 29] address this by integrating explicit
motion control into frozen diffusion models. However, these ap-
proaches predominantly adopt a Lagrangian motion formulation,
where optical flow is computed relative to the initial reference
frame [8]. While conceptually simple, we identify two inherent
structural vulnerabilities in this reference-anchored paradigm that
make it highly susceptible to error accumulation. First, as the timestep
increases, the displacement magnitude grows, often violating the
brightness constancy assumptions inherent in optical flow estima-
tion [25] and leading to increasingly noisy supervisory signals. Sec-
ond, supervisory sparsity: as objects move or rotate, the valid cor-
respondence area between the initial frame and the current frame
decays exponentially due to occlusions, leaving the model halluci-
nating in unseen regions without guidance.

Tomitigate these limitations, we propose a shift fromLagrangian-
based to Eulerian-based Motion Guidance. Instead of tracking pix-
els relative to the start, we model motion as a dense field of transi-
tions between consecutive frames. We provide a theoretical frame-
work demonstrating how this formulation keeps optical flow es-
timates within the reliable, short-range regime of estimators, ef-
fectively bounding the per-step supervisory error. Moreover, this
adjacent formulation allows for a parallelized batched flow compu-
tation strategy that minimizes sequential training overhead.

However, while Eulerian motion guidance provides stable local
gradients, enforcing consistency only between neighboring frames
can still lead to stochastic drift in regions that are newly revealed
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Figure 1: Long-horizon qualitative comparison. We show the reference image and generated frames at 𝑡 = {10, 50, 100}. The
Lagrangian baseline MOFA [22] exhibits increasing texture drift or blur as temporal distance grows, whereas our Eulerian
motion framework better preserves identity and geometry over time.

over time. In these dis-occluded areas, there is no valid correspon-
dence to the previous frame; forcing the model to guess the appear-
ance often results in shimmering or ghosting artifacts. To address
this inherent limitation of adjacent-frame tracking, we introduce

a novel Bidirectional Geometric Consistency mechanism. By com-
puting flow fields in both forward and backward directions, we
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enforce a geometric cycle-consistency check, allowing us tomathe-
matically derive an occlusion mask that dynamically filters out un-
reliable gradients in dis-occluded regions, ensuring that the model
is supervised only by geometrically valid correspondences.

In summary, our contributions are three-fold:

• We formally analyze the error-accumulation vulnerabili-
ties of Lagrangian motion guidance in video generation
and propose an Eulerian alternative designed to bound per-
step supervisory error.

• We introduce a Bidirectional Geometric Consistencymech-
anism that leverages forward-backward cycle checks to ro-
bustly handle occlusions and prevent artifact generation in
dynamic scenes.

• We implement batched flow computation that integrates
seamlessly with pre-trained diffusion backbones, achiev-
ing state-of-the-art performance in temporal consistency
and visual fidelity.

2 Related Work
2.1 Controllable Video Generation.
Recent large-scale video generation models, such as Veo3 [30] and
Wan2.1 [27], have demonstrated remarkable fidelity in text-to-video
synthesis. However, fine-grained control remains a challenge. Ex-
isting controllable frameworks typically inject guidance via addi-
tional control layers or adapters. For trajectory-based control, early
works likeDragNUWA [35] andMotionCtrl [29] utilize sparse track-
ing points to guide generation. More recently, ATI [28] propose
a unified trajectory instruction mechanism for camera and object
motion, while PoseTraj [13] introduce pose-aware guidance to han-
dle object rotations better. Despite these advancements, most prior
methods rely on Lagrangian particle tracking-anchoringmotion to
the initial frame, which we argue leads to error accumulation in
long-horizon generation. Go-with-the-flow [3] recently integrates
optical flow into diffusion noise for motion control. However, un-
like our explicit Eulerian flux, they operate via real-time noisewarp-
ing, which can be sensitive to noise distribution shifts.
2.2 Portrait and Keypoint-Based Animation
Animating portraits from static images requires precise identity
preservation. Foundational works in consistent animation, such as
MagicAnimate [32], SadTalker [39], Cinemo [19], and Hallo3 [5],
tackle consistent and controllable image animation using dense
guidance and spatial-temporal attention mechanisms. Specialized
architectures like EchoMimic [4] and FactorPortrait [24] achieve
state-of-the-art disentanglement using implicit control.While these
methods achieve high fidelity through domain-specific priors, our
work demonstrates that a general-purpose Eulerian flow field can
achieve competitive structural consistency across broader domains.
2.3 Geometric Consistency and Occlusion

Handling
Maintaining temporal consistency in generative video, particularly
under occlusion, is a long-standing problem. Traditional approaches
in video magnification, such as MagFormer [10], have explored
combining Lagrangian and Eulerian perspectives. Furthermore, pre-
vious generative pipelines have leveraged occlusion maps, such as

LFDM [? ] for latent flow diffusion and FlowVid [? ] for forward-
backward consistency in video editing. Confidence-based warping
and occlusion-aware self-supervision have also been extensively
explored in Video Frame Interpolation (VFI) [? ].

While these methods utilize similar forward-backward checks,
our Bidirectional Geometric Consistency (BGC) uniquely integrates
this cycle-energy threshold directly into the diffusion training loop
to gate dis-occluded gradients. By enforcing a forward-backward
cycle check directly in the flow field, we achieve robust occlusion
handling and texture preservationwithout the computational over-
head of explicit 3D reconstruction seen in recent methods like Un-
boxed [37] or InsertAnywhere [14].

3 Preliminaries
Stable Video Diffusion. We employ Stable Video Diffusion (SVD)
as our frozen generative backbone. SVD operates in a compressed
latent space derived from a pre-trained VAE encoder, 𝑧0 = ℰ(𝑉 ).
The generation process reverses a noise perturbation chain via a
3D U-Net denoiser 𝑆𝜃 (𝑧𝑡 , 𝑡 , 𝑐), which predicts the velocity field 𝑣𝜃
given a noisy latent 𝑧𝑡 and a context embedding 𝑐, e.g., CLIP image
embedding.
Controllable Image Animation. To inject motion control, we
integrate a learnable motion adapter ℳ into the frozen 𝑆𝜃 . The
adapter transforms sparse user motion hints 𝐹 𝑠 into a dense flow
field, which spatially aligns multi-scale reference features 𝑓 (𝑘)0 to
the target timestep 𝑡 via a differentiable warping operator 𝒲. We
optimize only the adapter parameters 𝜃ℳ using a standard recon-
struction objective ℒcontrol, keeping the backbone frozen.

4 Method
In this section, we delineate our Eulerian Motion Guidance (EMG)
framework for image animation. We begin by establishing the the-
oretical intuition behind our approach through a formal analysis of
expected error propagation in optical flow fields. Subsequently, we
detail the Bidirectional Geometric Consistency regularizer, formu-
lated as an energy minimization problem. Eventually, we demon-
strate the parallelized motion computation for training efficiency
and our inference pipeline for image animation.

4.1 From Lagrangian to Eulerian Motion Field
Most image animation frameworks guide motion in a Lagrangian
manner: they estimate a reference-to-target displacement field from
the reference frame at 𝑡 = 0 to a future time 𝑡 , and warp the refer-
ence latent accordingly. Concretely, given the reference image 𝐼0
and its latent 𝑧0 = ℰ(𝐼0), they synthesize a motion-guided latent
at time 𝑡 via

̂𝑧Lag𝑡 = 𝒲(𝑧0, û0→𝑡 ) , (1)
where 𝒲(⋅, ⋅) is a differentiable warping operator (e.g., bilinear
sampling), and û0→𝑡 ∶ � → ℝ2 is the estimated displacement field
defined on the reference coordinates.

Definition 1 (LagRangian motion field). Let � ⊂ ℝ2 denote
the spatial domain of the reference frame at 𝑡 = 0. The Lagrangian
motion field is a reference-anchored displacement function uLag ∶
� × ℝ+ → ℝ2 that maps each pixel coordinate x ∈ � at 𝑡 = 0 to
its cumulative displacement at time 𝑡 . The corresponding location at
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Figure 2: Eulerian Motion Guidance with Bidirectional Geometric Consistency. Given a reference image and sparse motion
hints, a sparse-to-dense (S2D) module predicts an Eulerianmotion field, which we then inject via Flow ControlNet by warping
multi-scale reference features in a frozen SVD backbone. During training, forward and backward flows produce a cycle-based
occlusion mask that gates geometric consistency loss, preventing supervision on dis-occluded regions.

time 𝑡 is
x𝑡 = x + uLag(x, 𝑡). (2)

For discrete frames, the reference-to-𝑡 displacement used in warping
is exactly u0→𝑡 (x) ≡ uLag(x, 𝑡).
While conceptually simple, the reference-to-𝑡 formulation becomes
increasingly vulnerable to error as 𝑡 grows: (i) the displacement
magnitude ‖u0→𝑡 ‖ typically increases, making estimation and sam-
pling more sensitive to error; and (ii) the set of reference pixels
with valid correspondences, �valid(𝑡) ⊆ �, shrinks due to occlusion
and out-of-bound mappings. Both effects amplify uncertainty in
û0→𝑡 and thus degrade the warped latent ̂𝑧Lag𝑡 over long horizons.

TheoRem 1 (Expected ERRoR Accumulation in LagRangian
Motion Fields). Let u∗0→𝑡 be the ground-truth displacement from
frame 0 to frame 𝑡 . Under the standard assumption that the estimator
û0→𝑡 = u∗0→𝑡 + 𝜖 𝑡 exhibits bounded kurtosis 𝜅 and an error variance
that scales with the temporal baseline (due to growing deformation
and decreasing correspondences), such that𝔼[𝜖 𝑡 ] = 0 and𝔼[‖𝜖 𝑡 ‖2] ≥
𝜎2𝑡 for some 𝜎 > 0, the expected endpoint error is lower bounded by

𝔼[‖û0→𝑡 − u∗0→𝑡 ‖] ≥ 𝜎√𝑡. (3)

We provide the proof of Theorem 1 in Appendix A. This growth
implies that the supervisory target ̂𝑧Lag𝑡 becomes progressively less
correlated with the true geometric structure at large 𝑡 , forcing the
denoising network to learn under increasingly high-variance guid-
ance. To mitigate this instability, we switch from a Lagrangian mo-
tion field to an Eulerian one for image animation. Instead of pre-
dicting a single long-horizon displacement û0→𝑡 , wemodel motion
as an instantaneous flux that transports the current state to the
next state, and compose local transports over time.

Definition 2 (EuleRian Motion Field). Let � ⊂ ℝ2 denote
the spatial domain. The Eulerian motion field is a velocity function
uEul ∶ � × ℝ+ → ℝ2 defined at fixed coordinates, where uEul(x, 𝑡)
specifies the instantaneous motion (flux) observed at location x ∈ Ω

and time 𝑡 . In continuous time, it induces pixel trajectories x(𝑡) by
the ODE

𝑑x(𝑡)
𝑑𝑡 = uEul(x(𝑡), 𝑡), x(0) = x0. (4)

For discrete frames, we represent this flux using adjacent-frame dis-
placement (optical flow) f𝜏→𝜏+1 ∶ � → ℝ2, yielding the update

x𝑡+1 = x𝑡 + f𝑡→𝑡+1(x𝑡 ). (5)

Let �valid(𝑡) ⊆ � denote the set of pixels at time 𝑡 that admit valid
adjacent correspondences, i.e. not occluded and not mapped out of
bounds under f𝑡→𝑡+1. We now formalize how Eulerian supervision
bounds the per-step gradient signal.

TheoRem 2 (UnifoRm Bound on EuleRian SupeRvisoRy ER-
RoR). Let f∗𝑡→𝑡+1 be the ground-truth adjacent-frame displacement,
and let f̂𝑡→𝑡+1 = f∗𝑡→𝑡+1 + 𝜖 𝑡 be an estimator whose error satisfies
𝔼[𝜖 𝑡 ] = 0 and

𝔼[ 1
|�valid(𝑡)| ∫�valid(𝑡)

‖𝜖 𝑡 (x)‖2 𝑑x] ≤ 𝜎2, ∀𝑡, (6)

for some constant 𝜎 > 0 independent of 𝑡 . Then the expected endpoint
error of Eulerian supervision is uniformly bounded:

𝔼[ 1
|�valid(𝑡)| ∫�valid(𝑡)

‖f̂𝑡→𝑡+1(x) − f∗𝑡→𝑡+1(x)‖ 𝑑x] ≤ 𝜎, ∀𝑡.
(7)

We provide the proof of Theorem 2 in Appendix B. By minimiz-
ing the temporal interval to 𝛿𝑡 = 1, we ensure the displacement
magnitude ‖f𝑡→𝑡+1‖ remains within the high-fidelity linear regime
of the flow estimator, providing a stable, low-variance gradient sig-
nal throughout the entire generation window.
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Figure 3: Occlusion masking from bidirectional cycle en-
ergy. For consecutive frames, we compute forward and back-
ward flows, and evaluate cycle energy, for which high val-
ues indicate occlusion or flow failure. Thresholding yields
a binary validity or occlusion mask, which is applied to
the warp-based consistency loss so gradients are propagated
only through geometrically verifiable correspondences.

4.2 Bidirectional Geometric Consistency
While Eulerian formulation bounds the local supervisory error, it
introduces a risk of generative stochastic drift.Without a global an-
chor 𝐼0, microscopic errors can accumulate autoregressively, lead-
ing to texture sliding in dis-occluded regions where the flow field
f𝑡→𝑡+1 is ill-defined. To regularize this, we propose the Bidirec-
tional Geometric Consistency mechanism, formulated as a pixel-
wise energy minimization problem.
Cycle Energy Formulation.Wedefine the Cycle Consistency En-
ergy 𝐸cycle(x) at coordinate x ∈ � as the residual displacement
magnitude after a forward-backward projection cycle:

𝐸cycle(x) = ‖f𝑡→𝑡+1(x) + ℱ (f𝑡+1→𝑡 , f𝑡→𝑡+1) (x)‖22 , (8)

where ℱ(fbwd, ffwd) denotes the backward flow vector sampled at
the target location mapped by the forward flow. Non-zero energy,
i.e. 𝐸𝑐𝑦𝑐𝑙𝑒 ≫ 0, indicates a violation of brightness constancy, serv-
ing as a robust proxy for occlusion or estimation failure.
Dynamic Occlusion Masking. We derive a binary validity mask
𝑀occ ∈ {0, 1}𝐻×𝑊 by treating the cycle energy as a random vari-
able. To account for relative error tolerance, we employ a relaxed
thresholding function parameterized by the local flow magnitude:

𝑀occ(x) = 𝕀[𝐸cycle(x) < 𝛼1(‖f𝑡→𝑡+1(x)‖22

+ ‖𝒲(f𝑡+1→𝑡 , f𝑡→𝑡+1)(x)‖22) + 𝛼2],
(9)

where 𝕀[⋅] is the indicator function, and 𝛼1, 𝛼2 are hyperparame-
ters governing the sensitivity of the decision boundary. This mask
effectively partitions the spatial domain into the geometrically ver-
ifiable �valid and the occluded �occ.
Geometric Consistency Loss. The final objective function inte-
grates this geometric prior. We define the Geometric Consistency
Loss ℒgeo as a spatially-weighted reconstruction objective, ensur-
ing the generated latent ̂𝑧𝑡+1 adheres to the Eulerian flux only

within valid regions:

ℒgeo = 1
∑x 𝑀occ(x) + 𝜖 ∑x∈�

𝑀occ(x)⋅‖𝒲( ̂𝑧𝑡 , f𝑡→𝑡+1)(x) − ̂𝑧𝑡+1(x)‖1 .
(10)

By gating gradients with𝑀occ, we effectively sever the backpropa-
gation graph in occluded regions, preventing the model from opti-
mizing against hallucinating gradients.The total training objective
is ℒtotal = ℒdiff + 𝜆geoℒgeo, where ℒdiff is the standard diffusion
loss defined in Section 3.

4.3 Training Efficiency via Parallelized Motion
Computation

While Eulerian formulation inherently implies a sequential depen-
dency, strictly adhering to this autoregressive structure during train-
ing would incur a prohibitive linear computational cost 𝑂(𝑇 ). Be-
cause the groundtruth video 𝒱 is fully observable during training,
we exploit this non-causal availability to circumvent the sequential
bottleneck.

We devise a parallelized motion computation strategy that re-
configures the input latent tensor 𝒱 ∈ ℝ𝐵×𝑇×𝐶×𝐻×𝑊 into a batched
collection of temporal dyads. Particularly, we construct the sets of
forward and backward pairs as 𝒫fwd = {(𝐼𝑡 , 𝐼𝑡+1)}𝑇−2𝑡=0 and 𝒫bwd =
{(𝐼𝑡+1, 𝐼𝑡 )}𝑇−2𝑡=0 , respectively. By treating the temporal dimension as
an extension of the batch dimension, we employ the shared, frozen
flow estimator �(⋅; 𝜃�) to regress the bidirectional flow fields simul-
taneously:

Ffwd = �(𝒫fwd) ∈ ℝ𝐵(𝑇−1)×2×𝐻×𝑊 , (11)

Fbwd = �(𝒫bwd) ∈ ℝ𝐵(𝑇−1)×2×𝐻×𝑊 (12)

This operation effectively flattens the sequential bottleneck of mo-
tion computation. While the total computational work remains
𝑂(𝑇 ), this strategy enables𝑂(1)wall-clock training time relative to
the sequence length, bounded only by the parallel hardware capac-
ity. The resulting factor Ffwd is then fed into the Motion Adapter
ℳ to condition the denoising U-Net, while the bidirectional pair
(Ffwd, Fbwd) facilitates geometric consistency.

4.4 Inference
During inference, wemodel the generation process as a conditional
autoregressive sampling chain.
Sparse-to-Dense Warping. Given an initial frame 𝐼0 and a set
of sparse user trajectories 𝒯 = {(p𝑖, v𝑖)}𝑁𝑖=1, we first interpolate
𝒯 to obtain a sparse hint map 𝐹sparse. Motion adapter ℳ acts as a
generative prior to warp these sparse hints into Eulerian field F̂fwd.
Autoregressive Generative Chain. The video sequence 𝑉1∶𝑇 is
generated via a Markov chain factorization:

𝑝(𝑉1∶𝑇 |𝐼0,𝒞) =
𝑇
∏
𝑡=1

𝑝(𝐼𝑡 |𝐼𝑡−1, f̂𝑡−1→𝑡 ) (13)

At each step 𝑡 , the conditional probability 𝑝(𝐼𝑡 |⋅) is sampled via the
reverse diffusion process. Specifically, the latent 𝑧𝑡−1 is warped by
the Eulerian flow f̂𝑡−1→𝑡 to serve as the structural condition for syn-
thesizing 𝑧𝑡 . Thanks to the bounded per-step supervisory error of
our Eulerian formulation, coupled with bidirectional checks, this
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autoregressive process prevents the structural degradation charac-
teristic of Lagrangian warping, enabling the generation of consis-
tent sequences with complex non-linear dynamics.

5 Experiments
5.1 Experimental Setup
Implementation Details.We adopt Stable Video Diffusion (SVD)
[2] as a frozen generative backbone and train only the FlowCon-
trolNet onWebVid-10M using AdamW [18] with a learning rate of
2×10−5 at a resolution of 256×256. For our shared flow estimator �,
we utilize RAFT [25] pre-trained on FlyingThings3D, without fur-
ther fine-tuning, operating at 256 × 256 resolution. The geometric
consistency weights are empirically set to 𝛼1 = 0.01 and 𝛼2 = 0.5.
All experiments are conducted on 4 NVIDIA H200 GPUs. At infer-
ence time, we perform image animation by generating sequences
of 𝑇 = 100 frames.
EvaluationMetrics.Weevaluate our framework on both trajectory-
based and keypoint-based image animation. For trajectory-based
image animation, we randomly sample 1000 instances from theWe-
bVid test set and report LPIPS [38], FID [11], and FVD [36]. Specif-
ically, we compute FID and FVD by matching the distribution of
our generated 100-frame sequences—decoded at a uniform 8 fps—
directly against the ground-truth WebVid clips to ensure spatial
and temporal distributions are strictly aligned. To assess tempo-
ral consistency, we compute the cosine similarity between CLIP
embeddings [23] of consecutive generated frames. Because CLIP-
Cons can inadvertently penalize intended large motions, we also
report the Warping Error (𝐸warp) [15], which measures the pixel-
level photometric error between consecutive frames after align-
ment via optical flow, thereby decoupling temporal consistency
from motion magnitude. For keypoint-based image animation, we
evaluate 40 generated videos, each of which contains 196 frames,
then report Cumulative Probability Blur Detection (CPBD) [21] to
measure sharpness, as well as identity preservation via ArcFace [6]
between the source images and the generated frames. In addition
to quantitative results, we also conduct user studies to compare
perceptual quality against competing baselines.

5.2 Comparison with State-of-the-art Methods
In this section, we compare our results with the state-of-the-art
methods tailored to each control setting. For all baselines, we fol-
low the official implementations when available and keep the eval-
uation protocol identical across methods. Quantitative results are
reported in Table 1 and Table 2.Qualitative results are provided in
Figure 4 and Figure 5.
Trajectory-based Image Animation. We compare our method
against recent trajectory-based video generation and image-to-video
controlmethods, including 1) trajectory-guided diffusion fine-tuning
approaches that directly inject sparse trajectories into the genera-
tion process, i.e. DragNUWA [35] and PoseTraj [13]; and 2) trajec-
tory control methods built on top of the pretrained image-to-video
backbones, i.e. MOFA [22], SG-I2V [20], I2VControl [7], AnyTraj
[28], and ImageConductor [16]. Following prior works, we evalu-
ate both object dragging and camera motion scenarios. For meth-
ods that require trajectory formats, e.g. bounding box trajectories
or sparse point sets, we convert our user-specified trajectories into

the required representation while preserving the same spatial path
and temporal schedule. As shown in Table 1, we achieve substan-
tially better perceptual scores, achieving the lowest LPIPS, FID,
and FVD scores. Notably, we outperform the strongest baseline,
i.e. ImageConductor [16], by a significant margin of 1.53 in FID
and 3.02 in FVD, validating the efficacy of our parallelized Euler-
ian formulation in generating temporally coherent video distribu-
tions. Crucially, addressing recent concerns regarding the limita-
tions of CLIP-Cons in measuring alignment under large motions,
our framework achieves the lowest Warping Error (𝐸𝑤𝑎𝑟𝑝 = 1.84×
10−3). This confirms that our Eulerian formulation and Bidirec-
tional Geometric Consistency directly translate to superior pixel-
level temporal stability, minimizing texture flickering even during
rapid object translations.

In addition to quantitative comparison, qualitative comparison
also reveals distinct advantages in long-horizon consistency, where
Lagrangian-based methods typically struggle. In Figure 1, as tem-
poral distance increases, MOFA exhibits severe textual drift and
identity degradation. For instance, the structural identity of the
red bear (row 1) and the boat’s wake (row 2) collapses by frame 100
due to error accumulation in reference-anchored flow. In contrast,
our Eulerian Motion Guidance maintains sharp structural details
and clear object boundaries throughout the sequence. Moreover, in
the jet-ski example (top row) of Figure 4, ImageConductor fails to
maintain the rider’s geometry, leading to the rider vanishing into
the background by frame 50. Our method preserves the rider’s sil-
houette against the fast-moving water. Furthermore, in the mixing
bowl scene (bottom row), ImageConductor suffers from hallucina-
tion artifacts, generating unrealistic objects in the batter due to
occlusion ambiguities. By leveraging Bidirectional Geometric Con-
sistency to mask unreliable regions, our model generates plausible
fluid dynamics without such hallucinations.
Keypoint-based Image Animation. We compare our method
with strong portrait or talking-head baselines that specialize in
keypoint-based image animation, including classical audio-to-motion
pipelines and recent diffusion-based portrait animators, i.e. SadTalker
[39], MagicAnimate [32], Cinemo [19], StyleHeat [34], Hallo [31],
Hallo3 [5], FaceShot [9], and recent video-driven portrait methods,
including Stable Video-Driven Portraits (SVDP) [33] and Factor-
Portrait [24]. Table 2 demonstrates that our method outperforms
specialized portrait animators.We achieve the highest CPBD score,
indicating superior frame sharpness, and the highest ArcFace score,
reflecting better identity preservation than recent methods like
Hallo3 [5], Cinemo [19], and FactorPortrait [24].

Furthermore, qualitative comparison in Figure 5 with Factor-
Portrait reveals our method’s ability to retain fine facial details.
In the sunglasses’ subject (left), the baseline struggles with the
dis-occluded mouth region, resulting in blurred teeth and unde-
fined lip boundaries (highlighted in red boxes). Our method uti-
lizes the Eulerian flux to propagate texture information from adja-
cent frames, yielding sharp, high-fidelity mouth movements (high-
lighted in green boxes). In the angry expression subject (right), our
method maintains geometric stability under large deformations.
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Table 1: Trajectory-based image animation onWebVid test set (1000 samples). Lower is better for LPIPS/FID/FVD/𝐸𝑤𝑎𝑟𝑝 ; higher
is better for CLIP-Cons. Pref. is the user-study win-rate (%) of ours vs each baseline (95% CI in brackets).

Method Backbone LPIPS ↓ FID ↓ FVD ↓ CLIP-Cons ↑ 𝐸warp (×10−3) ↓ Pref. ↑
DragNUWA [35] SVD 0.2705 19.66 91.38 0.9302 4.12 89.2 [85.1, 93.3]

PoseTraj [13] SVD 0.1704 12.22 77.69 0.9562 2.58 63.5 [58.2, 68.8]

MOFA [22] SVD 0.2274 16.82 86.76 0.9390 3.45 78.4 [73.5, 83.3]

SG-I2V [20] SVD 0.2490 18.24 89.07 0.9346 3.81 82.1 [77.5, 86.7]

I2VControl [7] MagicVideo-V2 0.2132 14.52 82.23 0.9476 3.10 71.3 [66.1, 76.5]

AnyTraj [28] DiT 0.1989 13.75 80.71 0.9505 2.76 68.7 [63.2, 74.2]

ImageConductor [16] AnimateDiff 0.1847 12.98 79.20 0.9534 2.51 65.2 [59.8, 70.6]

Ours SVD 0.1562 11.45 76.18 0.9591 1.84 92.3 [87.1, 97.5]
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Figure 4: Qualitative comparison with ImageConductor [16] on long-horizon generation (𝑇 = 100). Red arrows in 𝐼0 indicate
the user-defined motion trajectories. Top: ImageConductor suffers from severe structural degradation and background drift,
whereas our method preserves the rider’s geometry. Bottom: ImageConductor hallucinates the mixing objects, e.g. hand or
sponge, due to lack of valid correspondence. In contrast, our framework maintains texture fidelity throughout the complex
circular motion.

While the baseline introduces temporal flicker and boundary ar-
tifacts around the jawline during intense expressions, our Bidirec-
tional Geometric Consistency effectively filters inconsistent warp-
ing gradients, ensuring subject’s identity remains stable during fa-
cial contortions.

User Studies. In addition to objective metrics, we conduct a user
study to evaluate perceived visual quality, temporal stability, and
control faithfulness. Participants are shown randomized pairwise
comparisons between ourmethod and each baseline under the same
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Figure 5: Qualitative comparison on keypoint-based animation. We compare our Eulerian Motion Guidance against the state-
of-the-art baseline FactorPortrait [24]. Left: Our method preserves high-frequency details (e.g., mouth region) where the base-
line suffers from texture blurring (highlighted).This validates our claim that Eulerian flux prevents the structural degradation
typical of reference-anchored warping. Right: Our method maintains identity and geometric stability even under intense ex-
pression changes.
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Figure 6:Qualitative ablation of geometric consistency.We compare training with (a) no consistency enforcement, (b) forward-
onlymasking, and (c) our bidirectional cycle-basedmasking (BGC), under the same reference image and control signal, shown
at frames 𝑡=30, 50, 100. Without reliable masking, dis-occluded regions produce ghosting artifacts where background textures
adhere to moving foreground objects. Forward-only masking partially mitigates drift but fails under complex occlusions.
BGC identifies unreliable correspondences via a forward–backward cycle check and suppresses incorrect warping supervision,
preserving structure and appearance over long horizons.

input and control signals. We ask them to select the preferred out-
put, and report win rates and confidence intervals in Table 1 and 2.
We can observe that the volunteers prefer the proposed framework
obtains the highest preferred rates across all approaches.

5.3 Ablation Study
To validate the effectiveness of our proposed contributions, we con-
duct ablation studies on theWebVid test set. We analyze three core
aspects: training efficiency, motion guidance formulation, and geo-
metric consistency.
Training Efficiency. A key advantage of our Eulerian formula-
tion is the ability to parallelize motion estimation (Sec. 4.3). We

compare the training iteration time of our method against a stan-
dard sequential implementation where flow is estimated autore-
gressively. Figure 7 shows that the sequential baseline scales lin-
early𝒪(𝑇 ), creating a computational bottleneck for long sequences.
In contrast, our parallelized strategymaintains nearly constant time
complexity 𝒪(1) (relative to temporal hardware capacity). For a se-
quence length of 𝑇 = 24, our method reduces iteration time from
315ms to 115ms, achieving a 2.7× speedup.
Effectiveness of EulerianMotionGuidance.We train a Lagrangian
variant that predicts displacements relative to the initial frame 𝐼0
while keeping the SVD backbone and all other settings identical.
As shown in Table 3, the Lagrangian baseline degrades significantly
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Table 2: Keypoint-based portrait animation compar-
ison. Lower is better for 𝐸𝑤𝑎𝑟𝑝 ; Higher is better for
CPBD/ArcFace/CLIP-Cons.

Method CPBD ↑ ArcFace ↑ CLIP-Cons ↑ 𝐸warp (×10−3) ↓ Pref. ↑
SadTalker [39] 0.3218 0.9188 0.9156 3.88 88.5 [84.1, 92.9]

MagicAnimate [32] 0.3852 0.9241 0.9288 2.95 83.7 [78.5, 88.4]

Cinemo [19] 0.3986 0.9315 0.9342 2.61 77.1 [71.8, 82.3]

MOFA [22] 0.4075 0.9293 0.9390 2.45 79.2 [74.3, 84.1]

Hallo [31] 0.3912 0.9331 0.9364 2.38 75.4 [70.1, 80.7]

Hallo3 [5] 0.4045 0.9389 0.9409 2.21 72.8 [67.2, 78.4]

FaceShot [9] 0.4178 0.9439 0.9455 2.15 68.1 [62.4, 73.8]

SVDP [33] 0.4310 0.9485 0.9486 2.08 64.3 [58.5, 70.1]

FactorPortrait [24] 0.4343 0.9491 0.9459 2.10 61.7 [55.9, 67.5]

Ours 0.4576 0.9558 0.9591 1.52 94.4 [89.0, 99.7]

Table 3: Ablation Study. We evaluate the contribution of
Eulerian Motion Guidance and Bidirectional Geometric
Consistency (BGC) on the WebVid test set. Lagrangian
denotes a baseline trained with reference-to-target flow.
Forward-only uses a naive forward flow magnitude mask.
Pref. reports the variant win-rate (%) against our full model
(Eulerian + BGC) in a pairwise user study (lower is better).

Model Variant Consistency Strategy LPIPS ↓ FVD ↓ CLIP-Cons ↑ Pref.

Lagrangian Baseline None 0.224 85.12 0.935 12.5%
Eulerian None 0.178 79.45 0.951 28.3%
Eulerian Forward-only Mask 0.165 77.80 0.955 41.2%

Eulerian (Ours) Bidirectional (BGC) 0.156 76.18 0.959 –
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Figure 7: Training Efficiency Analysis. comparison of per-
iteration training time between standard sequential flow
estimation (Red) and our parallelized strategy (Blue). Our
method achieves 𝒪(1) complexity relative to sequence
length, yielding a ∼3× speedup at 𝑇 = 24.
(LPIPS rises to 0.224, FVD to 85.12, CLIP-Cons drops to 0.935), con-
firming that reference-anchored flow suffers from error accumula-
tion and vanishing valid correspondences over long horizons. Our
Eulerian formulation bounds per-step error (Theorem 1 and 2), pre-
serving sharp textures and structural fidelity throughout 100-frame
sequences.
Impact of Bidirectional Geometric Consistency. The Euler-
ian formulation is prone to drift in dis-occluded regions. We com-
pare three strategies on the Eulerian baseline: (1) no consistency
check (full-pixel supervision), (2) forward-only magnitude mask-
ing, and (3) our BGC using forward-backward cycle energy 𝐸cycle.
Removing consistency increases LPIPS to 0.178. The forward-only

heuristic helps modestly but fails under rotation and complex oc-
clusions. BGC achieves the best scores (LPIPS 0.156, FVD 76.18,
CLIP-Cons 0.959) by gating unreliable gradients. Figure 6 shows
that BGC eliminates ghosting and boundary artifacts, cleanly sep-
arating foreground from newly revealed background. More com-
prehensive analysis can be found in Appendix D.

6 Conclusion
In this paper, we identify a fundamental theoretical limitation in
existing image animation frameworks, i.e. the unbounded error
growth inherent in reference-anchored Lagrangian motion guid-
ance. To address this, we propose Eulerian Motion Guidance, a
novel paradigm that formulates animation as a sequence of ad-
jacent, bounded-error flow transitions. We further introduce the
Bidirectional Geometric Consistency mechanism, which utilizes
a forward-backward cycle energy check to mathematically detect
and mask unreliable gradients in dis-occluded regions. Extensive
experiments on trajectory-based and keypoint-based tasks demon-
strate that our approach significantly outperforms recent state-of-
the-art methods. Our method not only generates sharper textures
over long horizons but also eliminates the artifacts common in
complex dynamic scenes.
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A Proof of Theorem 1
TheoRem 1. (Expected ERRoR Accumulation in LagRangian

Motion Fields). Let u∗0→𝑡 be the ground-truth displacement from
frame 0 to frame 𝑡 . Under the standard assumption that the estima-
tor û0→𝑡 = u∗0→𝑡 + 𝜖 𝑡 exhibits an error variance that scales with the
temporal baseline (due to growing deformation and decreasing corre-
spondences), such that 𝔼[𝜖 𝑡 ] = 0 and 𝔼[‖𝜖 𝑡 ‖2] ≥ 𝜎2𝑡 for some 𝜎 > 0,
the expected endpoint error is lower bounded by

𝔼[‖û0→𝑡 − u∗0→𝑡 ‖] ≥ 𝜎√𝑡. (14)

PRoof. Let𝑍 = ||𝜖𝑡 || denote the errormagnitude. By our variance-
scaling assumption, the second moment satisfies 𝔼[𝑍 2] ≥ 𝜎2𝑡 .
While a large second moment implies a large Mean Squared Error
(MSE), it does not strictly imply a large expected L1 error (𝔼[𝑍])
without constraints on the distribution’s heavy-tailedness. We uti-
lize the Paley-Zygmund inequality to strictly lower bound the first
moment.

Let 𝑋 = 𝑍 2. Using the Paley-Zygmund inequality with 𝜃 = 0.5,
we have:

ℙ(𝑋 > 0.5𝔼[𝑋]) ≥ (1 − 0.5)2𝔼[𝑋]2
𝔼[𝑋 2] . (15)

Using the bounded kurtosis assumption𝔼[𝑋 2] = 𝔼[𝑍 4] ≤ 𝜅(𝔼[𝑍 2])2 =
𝜅𝔼[𝑋]2, we obtain:

ℙ(𝑍 2 > 0.5𝔼[𝑍 2]) ≥ 0.25
𝜅 = 1

4𝜅 . (16)

This inequality states that with probability at least 1
4𝜅 , the squared

error is significant. We can now lower bound the expected error:

𝔼[𝑍] ≥ 𝔼[𝑍 ⋅ 𝕀(𝑍 2 > 0.5𝔼[𝑍 2])]
≥ √0.5𝔼[𝑍 2] ⋅ ℙ(𝑍 2 > 0.5𝔼[𝑍 2])
≥ 1

√2
𝜎√𝑡 ⋅ 1

4𝜅
= 1

4√2𝜅
𝜎√𝑡.

(17)

As 𝑡 → ∞, the term 𝜎√𝑡 → ∞. Thus, if the error variance scales
with time, the expected endpoint error of the Lagrangian estimator
diverges at a rate of �(√𝑡), explaining the empirical drift observed
in long-horizon generation. □

B Proof of Theorem 2
TheoRem 2. (UnifoRm Bound on EuleRian SupeRvisoRy ER-

RoR). Let f∗𝑡→𝑡+1 be the ground-truth adjacent-frame displacement,
and let f̂𝑡→𝑡+1 = f∗𝑡→𝑡+1 + 𝜖 𝑡 be an estimator whose error satisfies
𝔼[𝜖 𝑡 ] = 0 and

𝔼[ 1
|�valid(𝑡)| ∫�valid(𝑡)

‖𝜖 𝑡 (x)‖2 𝑑x] ≤ 𝜎2, ∀𝑡, (18)

for some constant 𝜎 > 0 independent of 𝑡 . Then the expected endpoint
error of Eulerian supervision is uniformly bounded:

𝔼[ 1
|�valid(𝑡)| ∫�valid(𝑡)

‖f̂𝑡→𝑡+1(x) − f∗𝑡→𝑡+1(x)‖ 𝑑x] ≤ 𝜎, ∀𝑡.
(19)

PRoof. Define the pointwise flow error field

𝜀𝑡 (𝑥) ∶= ̂𝑓𝑡→𝑡+1(𝑥) − 𝑓 ∗𝑡→𝑡+1(𝑥), 𝑥 ∈ �valid(𝑡).
Let

𝐴𝑡 ∶= ⟨‖𝜀𝑡 (⋅)‖⟩�valid(𝑡) =
1

|�valid(𝑡)| ∫�valid(𝑡)
‖𝜀𝑡 (𝑥)‖ 𝑑𝑥.

By Cauchy–Schwarz on �valid(𝑡),

(∫
�valid(𝑡)

‖𝜀𝑡 (𝑥)‖ 𝑑𝑥)
2
≤ |�valid(𝑡)| ∫

�valid(𝑡)
‖𝜀𝑡 (𝑥)‖2 𝑑𝑥.

Dividing both sides by |�valid(𝑡)|2 yields the deterministic inequal-
ity

𝐴2𝑡 ≤ ⟨‖𝜀𝑡 (⋅)‖2⟩�valid(𝑡) .
Taking expectation and using the assumption of Theorem 2 gives

𝔼[𝐴2𝑡 ] ≤ 𝔼[⟨‖𝜀𝑡 (⋅)‖2⟩�valid(𝑡)] ≤ 𝜎2.
Finally, since 𝐴𝑡 ≥ 0, Jensen (equivalently 𝔼[𝐴𝑡 ] ≤ √𝔼[𝐴2𝑡 ]) im-
plies

𝔼[𝐴𝑡 ] ≤ √𝔼[𝐴2𝑡 ] ≤ 𝜎,
which is exactly the claimed uniform bound for all 𝑡 . □

C More Visual Results
We provide extended illustrations to further examine the behavior
of our method under diverse motion conditions in Figure 8 and 9.

D Sensitivity Analysis of Geometric
Consistency

As introduced in Section 4.2, our Bidirectional Geometric Consis-
tency (BGC) mask relies on a dynamic threshold defined by 𝛼1 and
𝛼2 to identify valid correspondences. To validate the robustness
of these hyperparameters and understand their interaction with
motion magnitude and texture complexity, we conduct a compre-
hensive sensitivity analysis.
HyperparameterRobustness.The threshold balances a dynamic
motion-dependent term (𝛼1) and a static noise floor (𝛼2). In Table
4, we vary 𝛼1 ∈ {0.005, 0.01, 0.05} and 𝛼2 ∈ {0.1, 0.5, 1.0} and re-
port the resulting LPIPS and FVD on a 200-video subset of the We-
bVid test set. We observe that our framework is relatively stable
across a moderate range of values. Setting 𝛼2 too low (0.1) makes
the mask overly aggressive, discarding valid gradients and slightly
degrading FVD, whereas setting 𝛼1 too high (0.05) makes the mask
too permissive, allowing forward-backward drift to contaminate
the training signal, which increases LPIPS. The empirical choice of
𝛼1 = 0.01 and 𝛼2 = 0.5 provides the optimal trade-off between
structural preservation and training efficiency.
Interaction with Motion Magnitude.The dynamic formulation
of the occlusion threshold is specifically designed to adapt to vary-
ingmotion scales . In regions with extrememotion trajectories, the
inherent interpolation variance of the flow estimator � increases,
leading to a naturally higher cycle error even in non-occluded re-
gions. By scaling the threshold with the flow magnitude via 𝛼1‖f‖22,
the mask automatically relaxes its strictness for fast-moving ob-
jects, preventing the erroneousmasking of high-velocity foreground
elements. As demonstrated in our trajectory-based section 4.2, this
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Figure 8: Robustness to Large Displacement. We compare
Eulerian Motion Guidance against the Lagrangian baseline
on open-domain video generation. Row 2 visualizes the opti-
cal flowmagnitude, illustrating high-motion regions. In the
Lagrangian baseline (Row 3), the structure of the subject de-
grades significantly by Frame 100 due to drift. In contrast,
our Eulerian approach (Row 4) maintains sharp boundaries
and coherent textures throughout the generation window.
Table 4: Sensitivity Analysis of BGC Thresholds. Evaluation
of LPIPS (↓) and FVD (↓) under varying 𝛼1 and 𝛼2 values.
The model is highly robust near our default settings (𝛼1 =
0.01, 𝛼2 = 0.5).

𝛼1 (Dynamic) 𝛼2 (Static) LPIPS ↓ FVD ↓
0.005 0.5 0.1581 77.05
0.010 0.5 0.1562 76.18
0.050 0.5 0.1634 78.42

0.010 0.1 0.1578 79.11
0.010 1.0 0.1610 77.85

prevents the “vanishing subject” artifacts commonly seen in fixed-
threshold Eulerian approaches.
InteractionwithTextureComplexity.Thestatic threshold com-
ponent, 𝛼2, acts as an essential noise floor for texture variations. In
regions with high-frequency textures, e.g., foliage, intricate cloth-
ing, sub-pixel flow estimation becomes inherently noisy. Conversely,
in textureless regions, e.g., plain walls, clear skies, the aperture
problem causes flow ambiguity, leading to small but non-zero forward-
backward cycle errors. The parameter 𝛼2 ensures that these minor,
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Figure 9: Extended Qualitative Evaluation on Landmark-
Guided Portrait Animation. We compare our method
against a standard Lagrangian baseline driven by the same
sparse facial landmarks. (Top Group) Under complex light-
ing, the Lagrangian baseline loses skin texture detail and
identity by Frame 100, whereas our method preserves the
subject’s likeness. (Middle Group) The Lagrangian approach
struggles with rigid objects attached to the face; note the
severe distortion of the eyeglasses in the later frames (La-
grangian) compared to the geometric stability maintained
by our Eulerian method. (Bottom Group) In high-dynamic
expressions (laughing), our method prevents the “blurring”
of teeth and mouth interior often observed in reference
warping.

texture-induced flow variations are not incorrectly flagged as dis-
occlusions. During our qualitative analysis, removing 𝛼2 resulted
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in a highly fragmented gradient mask, leading to localized blurring
in textured regions due to intermittent supervision.
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