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Abstract

Trajectory-Guided image-to-video (I2V) generation aims to
synthesize videos that adhere to user-specified motion in-
structions. Existing methods typically rely on computation-
ally expensive fine-tuning on scarce annotated datasets. Al-
though some zero-shot methods attempt to trajectory control
in the latent space, they may yield unrealistic motion by ne-
glecting 3D perspective and creating a misalignment between
the manipulated latents and the network’s noise predictions.
To address these challenges, we introduce Zo3T, a novel zero-
shot test-time-training framework for trajectory-guided gen-
eration with three core innovations: First, we incorporate a
3D-Aware Kinematic Projection, leveraging inferring scene
depth to derive perspective-correct affine transformations for
target regions. Second, we introduce Trajectory-Guided Test-
Time LoRA, a mechanism that dynamically injects and op-
timizes ephemeral LoRA adapters into the denoising net-
work alongside the latent state. Driven by a regional fea-
ture consistency loss, this co-adaptation effectively enforces
motion constraints while allowing the pre-trained model to
locally adapt its internal representations to the manipulated
latent, thereby ensuring generative fidelity and on-manifold
adherence. Finally, we develop Guidance Field Rectification,
which refines the denoising evolutionary path by optimizing
the conditional guidance field through a one-step lookahead
strategy, ensuring efficient generative progression towards
the target trajectory. Zo3T significantly enhances 3D realism
and motion accuracy in trajectory-controlled 12V generation,
demonstrating superior performance over existing training-
based and zero-shot approaches.

Home Page — https://richard-zhang-ai.github.io/

1 Introduction

Recent advances in text- and image-driven video diffusion
models have demonstrated remarkable capabilities in gen-
erating photorealistic and semantically coherent videos (Ho
et al. 2022; Blattmann et al. 2023; Zhou et al. 2025; Yuan
et al. 2025; Chen et al. 2023a; Xu et al. 2025; Ma et al.
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2025c). These developments have paved the way for control-
lable object motion animation (He et al. 2024a; Namekata
et al. 2024; Wang et al. 2025; Ma et al. 2025b), which plays
a vital role in practical applications such as virtual reality,
gaming, advertising, and digital art (Ma et al. 2025a).

Early works (Wu et al. 2024; Wang et al. 2024b; Kong
et al. 2024) motion-controllable video generation employed
annotated bounding boxes or trajectory points to fine-tune
video diffusion models. However, their high computational
cost severely limits their practical applicability. In contrast,
training-free approaches have attracted significant attention
due to their efficiency. These methods modify either the la-
tent representations of target objects through attention mech-
anisms (Ma, Lewis, and Kleijn 2023; Namekata et al. 2024)
or the noise construction (Qiu et al. 2024) during the de-
noising process, thereby enabling accurate motion control
and visually coherent results. However, this paradigm of di-
rect latent space manipulation harbors a fundamental ten-
sion. The pre-trained denoising network ey has learned a
delicate mapping from a specific distribution of noisy la-
tents to their corresponding noise predictions. Aggressively
editing z; to enforce motion pushes it “off-manifold”, cre-
ating a misalignment between the manipulated latent and
the model’s learned prior. This model-data misalignment
forces the network to denoise a state it is never trained to
see, frequently causing a catastrophic degradation in visual
quality, manifesting as textural collapse, loss of identity, and
other temporal artifacts (He et al. 2024b; Garibi et al. 2024).
Moreover, most existing approaches guide motion using 2D
trajectories paired with fixed-size bounding boxes or masks.
This representation suffers from inherent ambiguity, as it
fails to capture the perspective scaling an object should un-
dergo as its depth changes. As shown in Figure 5(a), this lack
of 3D awareness leads to physical implausibility and visual
distortions, such as unrealistic scaling and motion patterns.

To address these limitations, we propose Zo3T, a novel
Test-Time Training (TTT) framework for zero-shot image-
to-video (I2V) generation with 3D-aware trajectory control.
To mitigate the model-data misalignment in the trajectory
guidance process, we introduce a “soft-editing” strategy that
co-adapts the data and the model through Trajectory-Guided
Test-Time Training. This mechanism injects and optimizes
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Figure 1: Versatile Trajectory Control with Our Method.
Given a set of bounding boxes with corresponding trajecto-
ries, our framework enables precise control over diverse ob-
ject and camera motions. By leveraging the inherent knowl-
edge of a pre-trained video diffusion model, we achieve
zero-shot trajectory guidance without any fine-tuning.

an ephemeral LoRA module within the denoising network
at inference time. A trajectory-consistency loss simultane-
ously updates both the latent state z; and the temporary
LoRA weights. This co-adaptation realigns the model to the
edited latent, ensuring the denoising process remains on a
stable, high-fidelity manifold while adhering to the speci-
fied motion. Building on this, we further introduce Guidance
Field Rectification (GFR) via re-evaluating noise scores,
which adjusts the guidance field adaptively by maximizing
the generation of instance features in the trajectory motion
area at each denoising step to adaptively adjust the guid-
ance field. This optimization encourages the latent features
to evolve toward the desired trajectory, ensuring controllable
and high-quality video synthesis. To ensure physical plau-
sibility, Zo3T projects user-specified 2D trajectories into a
3D space, leveraging depth cues. This enables perspective-
correct motion, ensuring realistic scaling and movement.
While recent 12V methods like LeviTor (Wang et al. 2025)
and ObjCtrl-2.5D (Wang et al. 2024a) also incorporate 3D
information, LeviTor requires costly training on extensive
masked datasets, and ObjCtrl-2.5D’s core assumption of
equating object motion with camera movement constrains
its applicability in complex scenes. In contrast, our approach
offers greater flexibility and directness, requiring no external
motion priors or restrictive assumptions.

By jointly leveraging our 3D-aware trajectory control,
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test-time adaptation strategy, and guided field rectification
module, ours framework achieves precise motion control
and camera movement, as shown in Figure 1. Extensive ex-
periments validate the effectiveness of Zo3T in generating
visually coherent video sequences across a diverse range of
trajectory control scenarios in a zero-shot setting. In sum-
mary, the main contributions of our framework can be sum-
marized as follows:

* We propose Zo3T, a 3D-aware test-time training frame-
work for zero-shot controllable video generation that en-
ables precise control over both target object motion and
camera movement.

Zo3T integrates lightweight test-time LoRA modules
during trajectory-guided generation test time to adap-
tively guide the generation process and maintain genera-
tive fidelity during latent manipulation. Furthermore, we
refine the guidance field by re-evaluating noise scores to
enforce trajectory fidelity.

Extensive experiments demonstrate that our proposed
method outperforms both training-based and training-
free methods in terms of trajectory control and fidelity
of generated videos.

2 Related Work
Controllable Generation with Diffusion Models

The success of diffusion models (Ho, Jain, and Abbeel 2020;
Rombach et al. 2022; Song et al. 2021) have turned fo-
cus from unconditional to fine-grained, controllable synthe-
sis. While extensively explored in image generation (Zhang,
Rao, and Agrawala 2023; Li et al. 2023; Avrahami et al.
2023; Mi et al. 2025), extending such control to the video
domain introduces the formidable challenge of maintaining
temporal coherence while manipulating spatial content (Guo
et al. 2024). The dominant approach to this problem has
been supervised fine-tuning, where a large, pre-trained video
model is adapted to new control modalities on specialized
datasets. This paradigm includes methods conditioned on
dense signals, such as per-frame pose or depth maps (Zhao
et al. 2023; Ma et al. 2023b; Chen et al. 2023b; Jin et al.
2024), which draw inspiration from image-centric architec-
tures like ControlNet (Zhang, Rao, and Agrawala 2023).

To offer a more intuitive user interface, a significant lin-
eage of work has focused on sparse trajectory control (Ma,
Lewis, and Kleijn 2023; Guo et al. 2023; Zhang et al. 2024;
Ma et al. 2023a). Early attempts often relied on intermedi-
ate representations like optical flow (Hao, Huang, and Be-
longie 2018), which could introduce visual artifacts. More
recent methods integrate trajectory guidance directly into
the diffusion backbone. For example, DragNUWA (Yin et al.
2023) demonstrated a framework for fusing multi-modal tra-
jectory inputs through a multi-scale architecture. Recogniz-
ing the semantic ambiguity of a single moving point, Dra-
gAnything (Wu et al. 2024) advanced this concept to the
entity-level by leveraging semantic features from the dif-
fusion U-Net to guide the motion of entire objects beyond
pixels. Despite their advances, these supervised methods are
fundamentally constrained by the high computational cost
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Figure 2: An overview of our zero-shot trajectory-guided video generation framework. Our method optimizes a pre-trained
video diffusion model at specific denoising timesteps via two key stages. First, Test-Time Training (TTT) adapts the latent
state and an ephemeral adapter to maintain semantic consistency along the trajectory. Second, Guidance Field Rectification
refines the denoising direction using a one-step lookahead optimization to ensure precise path execution.

of retraining and their dependence on large-scale, annotated
video datasets, which limits their flexibility and scalability.

Latent Manipulation for Zero-shot Optimization

Instead of fine-tuning, an alternative approach is to manip-
ulate the generation process at inference, leaving the model
weights frozen. This approach was first validated in the im-
age domain (Hertz et al. 2023; Cao et al. 2023). Inspired
by DragGAN (Pan et al. 2023), methods like DragDiffu-
sion (Shi et al. 2024) established that precise, point-based
spatial edits could be achieved by directly optimizing the
noisy latent code z; with respect to supervisory signals de-
rived from the U-Net’s internal feature maps.

However, translating this zero-shot optimization to video
is non-trivial. A key obstacle is the weak temporal corre-
spondence of feature maps within standard video diffusion
models (Tang et al. 2023; Luo et al. 2023), which makes
them unreliable for guiding motion. An intuitive solution in-
volves a modification to the self-attention mechanism to en-
force cross-frame feature alignment (Hertz et al. 2023; Cao
et al. 2023; Geyer et al. 2023), thereby creating a usable
guidance signal for latent optimization. However, a more
fundamental challenge pervades these test-time optimiza-
tion techniques. The direct, and often aggressive, manipu-
lation of z; can push the latent representation off the mani-
fold learned by the pretrained model (He et al. 2024b; Garibi
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et al. 2024). This “manifold deviation” disrupts the delicate
denoising process, frequently causing a significant degrada-
tion in visual quality, manifesting as textural collapse, loss
of identity, and other temporal artifacts. Thus, a critical open
question remains: how to enforce precise, user-defined con-
trol without sacrificing the generative fidelity inherent to the
foundational model. Our work directly addresses this ten-
sion by introducing a new framework that co-adapts the
model and the latent state, ensuring that the guided gener-
ation remains on-manifold.

3 Methodology

Z03T is architected to function within the latent space of
a pre-trained image-to-video model, such as Stable Video
Diffusion (SVD), without requiring any fine-tuning. As il-
lustrated in Figure 2, our method comprises three main com-
ponents. First, we project user-defined 2D trajectories into a
pseudo-3D space, leveraging monocular depth estimation to
derive perspective-aware affine transformations. Second, we
perform a Test-Time Training (TTT) to co-adapt the latent
state and an ephemeral model adapter to enforce feature-
space kinematic constraints during the structure-forming
stages of denoising. Finally, the Guidance Field Rectifica-
tion strategy refines the denoising direction via a one-step
lookahead optimization, ensuring precise denoising path ex-
ecution for trajectory control.



3D-Aware Kinematic Projection

To endow the model with a foundational awareness of 3D
space, we establish a kinematic model to simulate perspec-
tive projection. Given a pre-trained monocular depth esti-
mation network Dgepn, we compute the depth map Mp
Dyepin ({o) of the initial frame /. For an object centered at
pixel coordinates py, = (ug, vy ) in frame k, we approximate
its depth as d, = Mp(px). The perspective scaling factor
o, relative to the initial frame is then derived from a pinhole
camera approximation: oy = dy/dy. This scaling allows us
to define a time-varying affine transformation Ay that maps
the initial bounding box By, to its perspective-aware counter-
part By, for each frame k:

or 0 wup—orug
Ap=10 or wvg—ogvg . (H
0 0 1

From these transformations, we derive a set of time-varying
binary masks My (p) = [p € ABo], which serve as the
kinematic prior for subsequent optimization stages.

Zero-Shot Tajectory-Guided Adaptation via
Test-Time Training

Video diffusion models learn a data distribution py(xg) by
reversing a noise-corruption process over 7' timesteps. To re-
duce computational cost, latent diffusion models like SVD
operate in a compressed latent space, where a Variational
Autoencoder (VAE) maps a raw video x( to a latent rep-
resentation zg. The reverse process is driven by a denoiser
€9(2zt,t, c) trained to predict the noise at timestep ¢. This
network, which implicitly approximates the score function
V2, log pi(z¢|c), defines the vector field that guides samples
back towards the learned data manifold.

Given a well-defined kinematic prior My(p) that pro-
vides per-frame target regions for guidance, the primary
challenge in zero-shot trajectory-guided generation lies in
enforcing motion constraints within these regions with-
out disrupting the delicate balance between the latent state
z; and the denoising network eg. Prior zero-shot meth-
ods (Namekata et al. 2024; Zhang, Alcazar, and Ghanem
2025) often employ “hard edits” to the latents z; to real-
ize object movement. Such approaches can push the latent
state off the learned data manifold into configurations the
pre-trained model cannot coherently interpret, resulting in
significant generative artifacts.

To resolve this challenge, we introduce a Test-Time
Training (TTT) paradigm that performs a “soft adaptation”
of both the data and the model. Inspired by previous drag-
based control methods (Namekata et al. 2024; Yang et al.
2024; Pan et al. 2023), we leverage the cross-frame sim-
ilarity of deep features within target regions as trajectory
guiding signals. At a specific denoising step t € T, we in-
troduce an ephemeral low-rank perturbation Afp,ga to the
model’s parameters and co-adapt it with the latent state z;
by enforcing feature consistency within the target regions.
This TTT process seeks a new state-operator equilibrium
(z7,0 6 ® AbLora) while minimizing a test-time ob-
jective functional, Jrrr:

(27,00 ora) = argmin, ,  Frrr(z:, ).

@
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The test-time objective Jrrr(z¢,6’) is a feature-space
consistency loss that enforces alignment between the fea-
tures of a tracked object in subsequent frames and its fea-
tures in the first frame:

M Ny
Jrir = Zzwlz

b=11leLl k=2

Gy © (Fz,k[/\/lb,k]

2

- (E’l)frozen [Mb,1]>

F
3)

Here, F} j, = ¢1(z¢; 0") represents the full feature map from
layer [ at frame k, produced by the adapted model 6. The
notation [M,, ;] denotes cropping the feature map to to the
region defined by the mask for object b at frame k. Since the
3D-aware kinematic projection can yields regions of varying
sizes across frames, we interpolate all cropped feature maps
to a uniform size before computing the pixel-wise loss. The
reference features from the first frame, (F}1)frozen, are de-
tached from the computation graph (stop-gradient) to pro-
vide a stable optimization target. To mitigate boundary ef-
fects, a Gaussian heatmap G, focuses the loss on the object’s
center via the Hadamard product (®) (Namekata et al. 2024).
For the selection of feature layers £, we follow the method-
ology of (Namekata et al. 2024; Wu et al. 2023), which has
been proven to yield superior cross-frame spatial-semantic
alignment. The TTT process, implemented as a short iter-
ative loop at specific denoising steps, ensures the result-
ing trajectory is both geometrically accurate and semanti-
cally coherent. Trajectory-Guided TTT steers the model, via
a semantic loss, to adjust the content layout in subsequent
frames, thereby realizing controllable object motion.

Guidance Field Rectification via One-Step
Lookahead

While the TTT process successfully constrains the solution
space to ensure semantic consistency along the trajectory, it
does not prescribe an optimal path within that space. The re-
sulting denoising direction is therefore not guaranteed to be
the most efficient or precise for trajectory adherence. Fur-
thermore, the strict spatial consistency enforced by TTT can
sometimes lead to unnatural or rigid visual results. To re-
solve this, we introduce a lookahead-based guidance rectifi-
cation strategy inspired by the principles of Classifier-Free
Guidance (CFG) (Ho and Salimans 2022).

Within the CFG framework, the denoising direction is
synthesized from a conditional prediction, which drives the
generation towards the control target, and an unconditional
prediction, which maintains generative naturality. Their dif-
ference can be interpreted as the guidance field, d, =
esond _ guncond “encapsulating the directional force for con-
trol (Li et al. 2025). However, this standard guidance field
provides a semantically plausible path of least resistance,
which may not align with the globally optimal path for pre-
cise trajectory control.

To overcome this challenge, we propose Guidance Field
Rectification (GFR) by optimizing it with foresight. This is
achieved via a one-step lookahead optimization, where our



objective is to find an optimal field, d}, that steers the prob-
ability flow ODE in a direction that is demonstrably opti-
mal for the subsequent state’s alignment with the kinematic
prior. This lookahead rectification stage contrasts fundamen-
tally with TTT: whereas TTT adapts the state-operator pair
(z¢,0") in feature space to ensure representational capacity,
this stage rectifies the guidance field d; by minimizing a
kinematic loss in latent space. To this end, we define a cost
functional, Jgyide, that measures the kinematic inconsistency
of the prospective latent state at timestep ¢ — 1:

M Ny

22

k=2" Bb,k

Taice (d) = Gy (p)|[Pooling (P(z;,d)x[Bs,1])

N | =

2
dp.

2
C))
Here, P(z;,d) denotes the one-step DDIM solver that
evolves the current state z; to a prospective state z;_j us-
ing a candidate field d. Unlike the pixel-wise MSE loss
used in our TTT stage, this guidance loss is computed on
spatially pooled features, capturing a holistic representation
of the target region. This form of supervision serves a dual
purpose: It further guides the object towards the target tra-
jectory while relaxing the strict spatial constraints of TTT,
thereby mitigating potential unnatural or rigid visual gener-
ation. The optimal field dj is found by evolving an initial
field, dy = d¢, along the negative gradient flow of this func-
tional, as described by 9d /07 = —V 4 Jguiae(d). The final,

rectified conditional noise estimate is then recomposed:

— Pooling (P (z;,d)1[Bs,1])

frozen

6‘;0Hd, opt _ 61t1ncond + d;k 5)
This lookahead rectification strategy enables precise steer-
ing of the generative trajectory by maximizing its alignment
with motion constraints, achieved with minimal overhead

via a short, localized optimization loop.

Inference Strategies

Fidelity Preservation via Fourier Orthogonal Recompo-
sition. While our iterative optimizations achieve effective
trajectory control, they risk causing a distributional shift
from the diffusion model’s learned prior, leading perceptual
quality degradation. Recognizing that motion is predom-
inantly encoded in low-frequency components (Wu et al.
2025), we introduce the Fourier Orthogonal Recomposition
(FOR) strategy. This method preserves the high-frequency
textural details from the original signal x, which are crucial
for maintaining distributional fidelity, while integrating the
low-frequency structural modifications from our optimiza-
tion x*. We define a generalized fusion operator M ¢, as:

FHFHoOH,+F(x)o(1-H,)),

(6)
where F is the Fourier Transform and H, is an ideal low-
pass filter mask. This operator is applied twice at the de-
noising step ¢: first to the latent states (z, = My (2], 2¢))
following TTT, and second to conditional noise predictions
(€t.cond = M fuse(os;f’cond7 €1,cond)) after guidance rectifica-
tion. By drawing low-frequency structure from optimization

Mfuse(X*7 X)
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and high-frequency details from the original signal, the mod-
ule preserves control accuracy and visual fidelity.

Selective Timestep Optimization. The coarse structure
and motion dynamics of the generated video are largely
determined during the early stages of the denoising pro-
cess (Wang and Vastola 2023). To maximize computational
efficiency and ensure structural stability, we apply our tra-
jectory guidance optimizations selectively. Specifically, both
the TTT adaptation and GFR are performed only during the
early-to-mid denoising phase, from timestep ¢ = 45 down
to t = 30 in a 50-step schedule. This selective application
aligns with established practices in the controllable genera-
tion literature (Namekata et al. 2024), striking an effective
balance between precise control and generative quality.

4 Experiments
Experiment Settings

Implementation Details. Our framework is built upon the
Stable Video Diffusion (SVD) (Blattmann et al. 2023), ini-
tialized with its official pre-trained weights. All experiments
are configured to generate 14-frame videos at a resolution
of 576x1024. The optimization process employs the Adam
optimizer with learning rates of 0.25, 0.01, and 0.05 for the
latent, LoRA weights, and the guidance field, respectively.
We employ DepthPro (Bochkovskii et al. 2025) for monocu-
lar depth estimation, the output of which is used to construct
3D-aware trajectories and the corresponding affine transfor-
mations of target regions. For the Fourier Orthogonal Re-
composition (FOR) module, the low-pass filter’s cutoff fre-
quency is set to 0.6. A comprehensive ablation analysis of
these experimental parameters is detailed in the Appendix.
Evaluation Metrics. We conduct a comprehensive eval-
uation using both quantitative metrics and a user study.
For quantitative assessment, we measure Video Quality via
FID, FVD, and four key VBench (Huang et al. 2024) met-
rics (subject consistency, background consistency, aesthetic
quality, and imaging quality), and Motion Control Accuracy
using Object Motion Conformity (ObjMC) (Namekata et al.
2024)—the Euclidean distance between target and actual
trajectories. In parallel, our user study involved six expert
evaluators who assessed 50 videos generated from a custom
dataset of images, each with a predefined trajectory.
Evaluation Datasets. For a fair comparison, we adopt the
open-source dataset used in (Wu et al. 2024). Recogniz-
ing that many baseline 12V models excel on common, in-
distribution trajectories (Wang et al. 2024a), we augment
this set by applying a “mirroring” transformation to most
paths, resulting in a more challenging set of 143 samples
featuring more diverse and less common motion paths. Fol-
lowing the protocols in (Wu et al. 2024), FID and FVD met-
rics are computed on the VIPSeg (Miao et al. 2022) dataset.

Versatile Trajectory Control Modes

Z03T provides flexible trajectory control for any designated
entity via a bounding box. This includes enforcing regional
stillness by setting the trajectory vector to zero. Figure 1
showcases two primary control modalities offered by our
framework. (1) Object Motion Trajectory Control: By
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Subject Bkg.

Aesthetic Imaging

Method Zero-shot FID (]) FVD(]) ObjMC () Consist.(1) Consist.(]) Quality(1) Quality() Resolution Backbone
DragNUWA (Yin et al. 2023) X 126.31  251.04 10.84 0.9177 0.9272 0.5412 0.5433 320 x 576 SVD
DragAnything (Wu et al. 2024) X 119.07  266.42 11.64 0.9204 0.9262 0.5469 0.5711 320 x 576 SVD

LeviTor (Wang et al. 2025) X 7941  207.23 12.06 0.9482 0.9511 0.6417 0.6314 288 x 512 SVD
FreeTraj (Qiu et al. 2024) v 92.12  230.21 31.63 0.9236 0.9281 0.5841 0.5903 320 x 512 VideoCrafter2
ObjCtr]l-2.5D (Wang et al. 2024a) v 81.06  212.17 18.72 0.9512 0.9544 0.6344 0.6429 320 x 576 SVD

SG-12V (Namekata et al. 2024) v 79.36  209.53 14.43 0.9448 0.9517 0.6370 0.6317 576 x 1024 SVD

Ours v 74.83 197.63 12.74 0.9760 0.9682 0.6779 0.6820 576 x 1024 SVD

Table 1: Quantitative comparison on the VIPSeg dataset. Despite being a zero-shot approach, our method achieves a small gap
in motion fidelity (ObjMC) compared to supervised baselines, without degrading video quality (FID, FVD). Furthermore, our
approach outperforms other zero-shot baselines across all metrics. () indicates lower is better, (1) indicates higher is better.

defining a bounding box around a target object and specify-
ing a desired trajectory, Zo3T can direct the object’s move-
ment along the prescribed path. As shown in Figure 1(a),
Z03T can effectively control both foreground (al) and back-
ground (a2) objects, ensuring they accurately track their re-
spective trajectories. (2) Camera Motion Trajectory Con-
trol: Camera motion is simulated by defining a bounding
box over a background region and assigning it a trajectory
inverse to the intended camera movement. As shown in Fig-
ure 1(b), Zo3T can can effectively perform complex camera
operations, including dolly zooms (b1) and pans (b2).

Comparisons with State-of-the-Art Methods

We perform a comprehensive evaluation by comparing Zo3T
with SOTA supervised and zero-shot baselines. For super-
vised baselines, we select DragNUWA (Yin et al. 2023),
DragAnything (Wu et al. 2024) and LeviTor (Wang et al.
2025). The zero-shot methods include SG-I2V (Namekata
et al. 2024), ObjCtrl-2.5D (Wang et al. 2024a), and an
adapted version of FreeTraj (Qiu et al. 2024) for our 12V
task, following the procedure in (Namekata et al. 2024). For

a fair evaluation, all video outputs are resized to a 320x576
resolution to align with the supervised models.

Comparison with Supervised Methods. Supervised meth-
ods, trained on tracker-derived trajectories, exhibit slightly
higher motion precision (ObjMC) but suffer from significant
visual artifacts like object distortion, flickering, and style
collapse due to their prioritization of trajectory adherence
over generative fidelity (Table 1, Figure 3). In contrast, our
method integrates a Test-Time Training (TTT) generative
guidance paradigm with the Fourier Orthogonal Recomposi-
tion (FOR) module to restore high-frequency details, yield-
ing superior generation quality (FID, FVD) and more natural
motion. Crucially, supervised methods are often limited to
lower resolutions (320x576) by the high cost of fine-tuning,
whereas our zero-shot framework operates directly at the na-
tive high resolution of SVD (576x1024) without requiring
any external training or external knowledge.

Comparison with Zero-shot Methods. Our method
demonstrates clear superiority over all zero-shot baselines
(Figure 3, Table 1). FreeTraj’s handcrafted noise prior com-
promises fine details and offers only coarse control. ObjCtrl-
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Figure 4: User Study. We evaluate subjective perceptual quality via a user study where six trained participants performe prefer-
ence voting on our method against three top competitors based on imaging fidelity, motion coherence, trajectory accuracy, and
overall quality. The majority of participants preferred the results obtained by our method over both training-free and training-
based methods, attributing this preference to its better trajectory alignment and more natural motion generation
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Figure 5: Qualitative Ablation Study

2.5D, by equating object motion with camera movement, is
restricted to single-object control and proves ineffective in
complex scenarios requiring coordinated object-background
motion. Our method, conversely, offers flexible multi-region
trajectory guidance, achieving more accurate and natural
motion without additional dependencies. While SG-12V
strikes a reasonable balance between quality and accuracy,
its “hard editing” in latent space risks manifold deviation,
which can lead to artifacts and unnatural results. In contrast,
our TTT paradigm ensures manifold integrity through a co-
adaptive ephemeral LoRA adapter and a GFR module, en-
abling precise, high-fidelity trajectory guidance.

Ablation Studies

We validate each core component via quantitative (Table 2)
and qualitative (Figure 5) ablations. Effectiveness of 3D-
Aware Kinematic Projection. In scenes with depth changes,
enforcing consistency with an unscaled 2D box causes se-
vere object distortions (Figure 5(a)). This demonstrates the
necessity of our 3D-aware projection for ensuring physically
plausible motion and realistic perspective shifts. Effective-
ness of TTT Trajectory-Guided Adaptation. Removing the
LoRA adapter degenerates our method into “hard editing”
of the latent z;. While this strategy can roughly follow the
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Variant FID (/) FVD(]) ObjMC (})
Ours (Full Model) 74.83 197.63 12.74
(a) w/o 3D Projection 76.12 201.55 12.98
(b) w/o TTT Adaptation  89.36 219.53 14.24
(c) w/o GFR 78.91 205.18 13.92
(d) w/o FOR 95.45 221.09 12.81

Table 2: Ablation study on the core components of our
framework. We start with our full model and progressively
remove each key component. The results demonstrate that
every module contributes positively to either video quality
(FID/FVD) or motion accuracy (ObjMC).

trajectory, it suffers from a clear quality drop and causes
scene collapse in difficult cases (Figure 5(b)). This confirms
that TTT is critical for resolving latent-denoiser misalign-
ment and preserving the generative manifold. Effectiveness
of Guidance Field Rectification. Removing GFR leads to
degradation across all metrics (Table 2). By using a one-step
lookahead with holistic feature loss, GFR relaxes the strict
spatial constraints imposed by TTT’s pixel-wise loss. This
mitigates unnatural rigidity and promotes organic motion,
effectively harmonizing trajectory accuracy with natural dy-
namics. Effectiveness of Fourier Orthogonal Recomposi-
tion. Removing FOR has a negligible effect on motion accu-
racy but significantly worsens FID and FVD scores. Qualita-
tively, videos generated without FOR appear overly smooth
and lack fine texture details (Figure 5(d)). This validates
FOR’s essential role in eliminating optimization-induced ar-
tifacts and restoring visual fidelity.

5 Conclusion

In this paper, we introduce a novel method for trajectory-
guided video generation that addresses the critical chal-
lenges of spatial ambiguity and generative quality degrada-
tion. Our core contribution is a two-stage test-time optimiza-
tion framework. First, we perform test-time training to co-
adapt the latent state and a lightweight model adapter, which
steers the object along a perspective-aware 3D path while
keeping the generation on the learned data manifold. Sec-
ond, we introduce Guidance Field Rectification, a one-step
lookahead optimization that refines the denoising direction
for precise path execution. By integrating these optimiza-
tions with a Fourier-based fusion strategy to preserve high-
frequency details, our method achieves SOTA performance,
generating videos with superior motion accuracy and visual
fidelity without the need for supervised fine-tuning.
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