Supplementary Material for FlexTraj

A. Experiment details

Implementation details. We start by constructing trajec-
tory representations. For real-world videos, we first anno-
tate points by SAM [10] for video segmentation and Spa-
tialTracker [15] for tracking 4,900 uniformly distributed 3D
points. We then project these points onto the 2D plane as
videos, where the point size is dynamically adjusted to ac-
commodate different levels of granularity: h = [2s]| and
w = |3s], where s = min (sqrt(H/x/1.7), 4) and = de-
notes grid size. For CG synthetic videos, we render the con-
dition video directly in Blender, where each mesh is treated
as an instance and each vertex serves as a tracking point.

After constructing trajectory representations, we next de-
scribe our annealing training schedule, which consists of
four stages: a complete stage of 1,200 steps, a dense stage
of 2,400 steps, a sparse stage of 14,000 steps, and finally
an unaligned stage of 4,000 steps. We set p. to 0.5, while
ps and p; take values in the range [0, 1]. The learning rate
is fixed at 1 x 10~ for the aligned stages (first three) and
reduced to 1 x 10~° for the unaligned stage.

Our model is fine-tuned on the recent video diffusion
model CogVideoX-5B 12V [16], which is based on the MM-
DiT architecture [3]. Fine-tuning is performed with LoRA
(rank 128, batch size 1) applied to the self-attention query,
key, and value projections. Training requires about one
week on 8 NVIDIA A800 GPUs, while inference requires
approximately 5 minutes per video (49 frames) with KV-
cache enabled and about 9.5 minutes without it.

Evaluation dataset. For evaluation, we use DAVIS [8]
as the standard benchmark and configure it for four tasks:
dense, spatially sparse, temporally sparse, and unaligned.
Spatial sparsity is simulated by randomly sampling 10
points, while temporal sparsity is obtained by uniformly
sampling 2-4 frames from the full sequence. The un-
aligned setting is generated by randomly jittering the con-
dition videos: we first resize the video to a larger resolution
and then crop it back to the target size to obtain tracking
points. In addition, we curate FlexBench, which includes
10 videos for each task, half collected from online sources
and half synthesized with Blender, to demonstrate applica-
bility for both general and professional users. All videos are
trimmed to 49 frames and cropped to 720 x 480.

Metrics. We employ several standard metrics. For
overall video quality, we report Fréchet Video Distance
(FVD [11]) and Frame Consistency [2], which measures
CLIP similarity [9] between consecutive frames. For
motion controllability, we use Trajectory Error (TrajEr-
ror) [14], defined as the average Euclidean distance between
trajectories extracted from the generated video and their
matched trajectories extracted from the source video. For

the unaligned setting, we adopt Trajectory Similarity (Tra-
jSIM) [7], computed as the mean cosine similarity between
the displacement directions of each extracted trajectory in
generated video and its closest counterpart in source video.

B. User Study

We conduct a user study to further evaluate the perceptual
quality of our method compared with representative base-
lines. The study covers four different tasks, including dense,
spatially sparse, temporally sparse, and unaligned. For each
task, we randomly select five representative examples, re-
sulting in a total of 20 test cases.

We collected 24 valid responses in total, seven from par-
ticipants with a computer graphics background and 17 from
other fields. The age distribution of participants is as fol-
lows: 12 participants aged 20-30, 7 aged 40-60, 4 aged
30—40, and 1 below 20.

For each case, participants were shown the correspond-
ing animation results produced by our method and the com-
peting approaches. All results were presented in a random-
ized order to avoid bias. Participants were asked to evaluate
the results according to:

* Alignment: how well the generated video follows the in-
tended motion of the reference video;

» Consistency: the temporal stability of the video, with
fewer artifacts preferred;

* Overall quality: the overall visual quality, considering
artifacts and realism.

Participants were required to select the best result for
each criterion. The preference scores were normalized
to obtain the final ratios. As shown in Fig. 1, the user
study demonstrates that our method consistently achieves
the highest preference rates across tasks. On average, our
method achieves a preference rate of 0.63 for alignment,
0.61 for consistency, and 0.63 for overall quality, validating
its effectiveness from a human perceptual perspective.
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Figure 1. Preference Rate for User Study. User preference
comparison across four tasks (dense, spatially sparse, temporally
sparse, and unaligned), evaluated by Alignment, Consistency, and
Quality on 20 videos (5 per task).
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Figure 2. Generalization to WAN, which exhibits stronger capability in long-sequence. The showcased examples has 81 frames.

C. Robustness to Unaligned Cases

Our method is robust to various real-world misalignments,
including camera motion, perspective shifts, tracking drift,
and object emergence or disappearance, as illustrated in
Fig. 3. To achieve this, our training pipeline simulates
unaligned data through trajectory shifts and CG synthesis,
covering a broad range of perspective changes and morpho-
logical variations.

1. Camera Motion

Figure 3. Examples on Unaligned Cases.

D. Analysis of ID-coded Representation

To further evaluate the effectiveness of our ID-coded rep-
resentation (TrajID/SegID), we conduct an additional com-
parison against alternative rendering-based baselines using

the Wan model. Specifically, we consider a baseline that
conditions the model directly on rendered projections (e.g.,
point or depth-like maps) of the tracked 3D points.

Rendering-based methods fail for two reasons. First,
they rely on strict color and depth projections: when points
are not associated with accurate color or depth cues, fail-
ures readily occur, such as in coarse mesh guidance (Fig. 4,
row 1). Second, these approaches are ambiguous, as differ-
ent points may be rendered with the same color and depth,
making them indistinguishable and losing correspondence,
especially in sparse settings (Fig. 4, row 2). Quantitatively,
rendering-based baselines underperform our method in both
control accuracy (TrajErr/TrajSim) and quality (FVD) in
Tab. 1, rows 2-3, further validating our design.
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Figure 4. Comparison to Direct Rendering Baselines.



Table 1. Analysis of ID-coded Representation with Wan. Values
are reported as Aligned | Unaligned. Second best in blue.

Method FVDJ Consistency T TrajErr). | TrajSIMt
DR(color) 761.5 | 697.8 0.982 | 0.975 0.031 | 0.905
DR(depth) ~ 738.5|671.3 0.981 | 0.976 0.042 | 0.896
Ours(wan)  708.2|670.0  0.980 | 0.974 0.030 | 0.905

Table 2. Quantitative result of FlexTraj on CogvideoX/Wan.
We present CogvideoX results before Wan for each dataset.

Task Dataset FVDJ Consistency T TrajErt/TrajSIM
5324 0.979 0.017
DAVIS 5782 0.976 0.026
Dense
1397.8 0.982 0.014
FlexBench 1537’5 0.982 0.021
710.4 0.980 0.025
spatially ~ DPAVIS 7952 0.980 0.032
Sparse FloxBencty 8516 0.991 0.017
exBench 11432 0.991 0.024
837.0 0.983 0.031
Temporally ~ PAVIS 751.2 0.983 0.032
Sparse FloxBench 11448 0.994 0.017
CXBenCh 11008 0.993 0.016
622.3 0.976 0.908
‘ DAVIS 670.0 0.974 0.905
Unaligned
2654.2 0.993 0.757
FlexBench 50759 0.993 0.726

E. Generalization to WAN

Our method generalizes to other video generators such as
Wan2.2. As shown in Table 2, our method achieves com-
parable performance on Wan2.2 [12] and CogVideoX [16],
both outperforming or remaining competitive with all base-
lines. Wan [12] further demonstrates stronger potential for
long-sequence generation, highlighting the scalability of
our framework. We provide 81-frame examples in Fig. 2.

F. More Comparisons

We provide additional qualitative results in Fig. 6, which
further demonstrate our superiority.

G. More Results

We provide additional results in Fig. 7, covering all applica-
tions introduced in teaser, to more clearly demonstrate the
effectiveness of our method.

H. Limitation

Our method faces two main limitations. First, it relies on
tracking quality: when tracking fails, regions missed by
tracking default to free generation, as in Fig. 5 where the
woman’s glove is misaligned. Second, it inherits constraints
from the underlying video generator, including difficulty
with large rotations and limited long-term memory. For in-
stance, after a 360° camera orbit, scene quality degrades and

the original scene cannot be faithfully recovered. Future
work includes exploring the integration of explicit memory
mechanisms to enhance long-term scene consistency.
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Figure 5. Limitations. Motion alignment is limited by tracking
quality (top row: glove), and generation is constrained by the base
video model (bottom row: fails on a 360° camera orbit.)
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Input MagicMotion GoFlow DAS Ours Source Motion Field

Prompt: “A male
character, dressed
in a black t-shirt,
green-grey shorts,
and athletic shoes,
performing a jump
within a brightly
lit, sparsely
furnished room.

(a) Dense control. Magchotlon [6] and Go with-the-Flow [1] struggle with fine-grained details; DAS [4] falls to
handle newly emerging points, whereas our method closely follows the source motion.

Input MagicMotion Tora Lev1T0r Ours Motion Field

Source

Prompt: “Ayoung
boy is walking
towards to a small
green car. The
background is a
blurred forest,
suggesting an
outdoor natural
setting.”

(b) Spatially sparse control. The subject outlined in green is occluded by the sub}ect outlined in blue. MagicMotion [6]

and ToRA [17]) fail under occlusion, LeviTor [13] introduces artifacts, while ours accurately captures occlusion.
Input SparseCtrl MagicMotion Ours Source Motion Field

Prompt: “A brown
rabbit character,
standing upright
and adorned in a
light-colored
astronaut suit, on
what appears to be
the surface of the
moon.”

(c) Temporally sparse control. SparseCtrl [5] yields unsatisfactory results, while Magchotlon [6] shows weak align-
ment and blurriness. Ours aligns with the anchor-frame motion and generates coherent in-between frames.
Input GoFlow Source Motion Field

Prompt: “A young
child walking
along a quiet
suburban street in
the morning.”

(d) Unaligned control. DAS [4] introduces artifacts (red artifacts around the subJect) from strict ahgnment while
Go-with-the-Flow [1] produces implausible results (e.g. distorted tails). Our method flexibly follows input motion.

Figure 6. Qualitative comparison across four evaluate tasks: dense, spatially sparse, temporally sparse, and unaligned.
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Source
Source

GenVid3 GenVid2 GenVidl

GenVid3 GenVid2 GenVidl

Coarse Meshes to Video

Source
Source

GenVid

Source

GenVid3 GenVid2 GenVidl

GenVid

Mesh to Video

Source

GenVid

Source
Source

GenVid

GenVid )

Figure 7. More results. We provide additional results on all the applications here.
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