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Abstract

Video Diffusion Models (VDMs) have demonstrated re-
markable capabilities in synthesizing realistic videos by
learning from large-scale data. Although vanilla Low-Rank
Adaptation (LoRA) can learn either specific spatial or tem-
poral movement to driven VDMs with constrained data, it is
still challenging to achieve precise control over both cam-
era trajectories and object motion due to the unstable fu-
sion and non-linear scalability. To address these issues,
we propose LiON-LoRA, a novel framework that rethinks
LoRA fusion through three core principles: Linear scala-
bility, Orthogonality, and Norm consistency. Firstly, we
analyze the orthogonality of LoRA features in shallow VDM
layers, enabling decoupled low-level controllability. Sec-
ondly, norm consistency is enforced across layers to sta-
bilize fusion during complex camera motion combinations.
Thirdly, a controllable token is integrated into the diffu-
sion transformer (DiT) to linearly adjust motion amplitudes
for both cameras and objects with a modified self-attention
mechanism to ensure decoupled control. Finally, we extend
LiON-LoRA to temporal generation by leveraging static-
camera videos, unifying spatial and temporal controlla-
bility. Experiments demonstrate that LiON-LoRA outper-
forms state-of-the-art methods in trajectory control accu-
racy and motion strength adjustment, achieving superior
generalization with minimal training data. Project Page:
https://fuchengsu.github.io/lionlora.github.io/

1. Introduction
Rapid advancement of foundational video diffusion models

(VDMs) [3, 4, 7, 9, 18, 49, 51, 59, 65, 72, 73] has enabled

them to learn realistic interactions from the physical world,

resulting in impressive video outputs. Using vast amounts

of video data available on the Internet, VDMs have signifi-

cant potential to understand 3D spatial and even 4D tempo-
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ral information in the real world [1, 20, 24, 25, 45, 68, 70].

Consequently, reactivating the potentials of VDMs with

good controllability would largely promote many down-

stream applications, such as augmented reality experiences,

interactive video editing, and simulation of virtual environ-

ments. Despite the abundance of in-the-wild video data, the

lack of proper annotations presents a challenge in taming

VDMs for 3D and 4D generation, particularly in terms of

unified control of both camera and motion strength, as il-

lustrated in Figure 1.

Recent studies made use of either explicit camera pre-

sentations [16, 53, 60, 63, 74] or motion guidance [23, 50,

53, 67] to control VDM. However, these manners usually

undermine the generalization of VDMs, leading to infe-

rior synthesis quality as a compromise. Thus, it is still

challenging to equip VDMs with effective controllability

using limited labeled video data. Fortunately, Parameter-

Efficient Fine-Tuning (PEFT) [10] alleviates this challenge

by reducing the dependency on extensive annotated training

data while having the merit of lightweight model weights,

thus mitigating the degradation of generalization in VDMs.

Low-Rank Adaptation (LoRA) [19] has garnered consider-

able attention among these PEFT approaches due to its flex-

ibility and versatility. LoRA utilizes low-rank factorized

matrices with a minimal number of trainable parameters,

making it widely applicable in text-to-image and image-to-

image personalization [37, 43, 76]. Additionally, Animate-

Diff [20] employs 8 distinct LoRAs to drive the respective

camera controls within the VDM. DimensionX [45] further

decouples the temporal and spatial factors through unified

LoRAs for advanced 4D generation.

Despite the pioneering advances mentioned above, im-

plicitly driving video generation via LoRA fails to achieve

as precise control as explicit injection, which could be at-

tributed to two factors: 1) Unstable LoRA fusion. Unlike

high-level LoRA fusion techniques used for tasks such as

style and subject editing [22, 37, 43, 64], we find that com-

bining different camera control LoRAs suffers from obvious

instability, such as abrupt changes in direction, as illustrated

in Figure 2. 2) Non-linear LoRA scalability. The conven-
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Figure 1. Camera and motion control results of our LiON-LoRA. LiON-LoRA can linearly control both camera trajectory and object

motion in videos generated by the video diffusion model. Furthermore, based on LoRA fine-tuning, LiON-LoRA achieves excellent

generalization with minimal training data.

tional approach of adjusting the multiplying coefficients of

LoRA features is adequate for modifying high-level prop-

erties, such as style transfer. However, it fails to precisely

control camera movements, which demands a deeper low-

level spatial understanding.

The underlying issue of these challenges lies in the ten-

dency of most previous works to focus on high-level LoRA

fusion, neglecting an in-depth discussion on inherent LoRA

mechanisms to quantify low-level controllability. In this

paper, we rethink LoRA mechanisms from three aspects,

including Linear scalability, Orthogonality, and Norm
consistency, and further present LiON-LoRA, a frame-

work with unified spatial and temporal controls for VDM,

fully compatible with all aforementioned features.

Formally, we first analyze the orthogonality of distinct

camera LoRAs and find that LoRA features from shal-

low layers of VDM exhibit low feature correlation, which

is theoretically sufficient to decouple low-level controlla-

bility. Moreover, we recognized that distinct camera Lo-

RAs possess disparate magnitudes (norms), leading to un-

stable LoRA fusions. Therefore, we normalize the out-

put norms from each layer of the LiON-LoRA, ensuring

norm consistency and prominently enhancing the stabil-

ity of LoRA fusion for complex camera motion combina-

tions. Subsequently, we achieve the linear scalability of

LiON-LoRA by inserting a dedicated scaling token within

the LoRA training. Specifically, we concatenated an addi-

tional global token to the diffusion transformer (DiT) fea-

ture sequence, linearly encoding the motion amplitudes of

both cameras and objects. When fusing multiple LoRAs,

we adjust the receptive field of self-attention to attend to

separate scaling tokens from different LoRAs, enjoying de-

coupled linear control. Additionally, we collect extensive

video clips with static camera positions, extending the linear

scalability of LiON-LoRA into temporal control. This uni-

fies both 3D and 4D generation within VDM. Experiments

of camera control with both simple and complicated tra-

jectories demonstrate that LiON-LoRA outperforms other

methods, offering superior controllability and generaliza-

tion with minimal training samples. We also evaluate the

Pearson correlation, denoting that LiON-LoRA can effec-

tively control motion strength for 4D generation.

We summarize the key contributions of LiON-LoRA as

• Unlike previous LoRA works that focus primarily on

high-level fusion, we revisit the LoRA fusion in low-level

camera control and present LiON-LoRA, acquiring linear

scalability, orthogonality, and norm consistency.

• We propose a simple yet effective way to normalize

the LiON-LoRA feature’s norm to enable stable camera

movement fusion.

• We introduce a scaling token for LiON-LoRA, which en-

ables linear scalability to adjust the influence of camera

and object movements.

• Although LiON-LoRA is highly training-efficient, it suc-

cessfully unifies both spatial and temporal controllability,

facilitating impressive 4D generation.

2. Related Work
Image-to-Video Generation. Recent years have witnessed

remarkable advances in video generation technology, sig-

nificantly propelling the development of content synthesis

fields. Early research efforts [3, 7, 8, 13, 18, 20, 49, 49, 51]

Pioneered text-to-video (T2V) generation by adapting pre-

trained text-to-image (T2I) models through architectural ad-

justments or fine-tuning strategies. Subsequently, commer-

cial video generation engines e.g., Sora [4], Gen-3 [42],

and Kling [29] have demonstrated expanded capabilities

in T2V synthesis, along with extended functionalities that

include image-to-video (I2V) conversion and specialized

video effect generation. These closed-source systems typi-

cally employ comprehensive video generation pipelines in-

corporating extensive pre-processing and post-processing

modules. Recent open source initiatives have improved

methodological transparency and accessibility for research
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communities [28, 32, 59, 65, 75], providing modular frame-

works for video synthesis. While both CogVideoX [65] and

HunyuanVideo [28] adopt the MMDiT structure, a modi-

fied Transformer variant employing full attention mecha-

nisms [11]. In contrast, Open-Sora leverages the DiT back-

bone [34, 39, 69], demonstrating competitive performance

through spatial-temporal modeling in latent space.

Camera Controllable Video Generation. Controlled gen-

eration has gained increasing attention in both image [35,

40, 44, 55, 58, 66, 71] and video generation [6, 14, 20, 40],

with control signals evolving from simple text descriptions

to include audio [17, 46, 47], identity [5, 52, 56], user

interaction patterns [67], and camera trajectory specifica-

tions [6, 31, 36, 54, 63]. Among these, text-based cam-

era control is one of the simplest yet most effective ap-

proaches, leveraging natural language descriptions to guide

camera motion. Early research [3, 15] used fine-tuning

techniques, such as LoRA, to parse control signals from text

inputs. Furthermore, training-free methods [21, 23] have

been proposed to generate coarse-grained camera move-

ments, though with limited precision. Although these text-

based approaches enable camera trajectory control, they of-

ten struggle with precise control and exhibit limited control-

lability. To address the challenge of camera control, some

methods [16, 30, 53, 63] explicitly inject camera pose as an

additional input into the model, while others [60, 74] lever-

age epipolar attention to improve the multiview consistency.

Furthermore, some works [12, 70] take advantage of recent

advances in monocular depth estimation models [61, 62] to

reconstruct 3D point clouds from images as explicit con-

trol, allowing accurate camera movement for free-view ren-

dering. However, these methods require intensive training

preparation that involves the extraction of motion trajec-

tories from large-scale video data. Additionally, such ex-

plicit controls struggle to handle dynamic scenes due to

their overly rigid conditions. Despite these explorations, the

challenges of achieving precise and controllable camera and

object motion using easily constructed, small-scale datasets

persist. Our method aims to address these limitations.

Motion Control in Video Generation Object motion con-

trol has emerged as a critical interaction channel for video

manipulation, with recent methods predominantly employ-

ing bounding-box annotations or drag operations as con-

trol signals. Bounding box-based approaches [23, 50, 74]

enable object trajectory specification through sequential

bounding boxes that outline target positions across frames.

Alternative drag-based methods [53, 57, 67] leverage sparse

point trajectories to manipulate object movements. These

methods suffer from limited trajectory capacity and com-

plex user interactions, while still generating implausible

motions from inadequate real-world dynamics modeling. In

contrast to these trajectory-based control mechanisms, our

method introduces a parameterized motion scale that jointly

encodes motion properties in 3D space. Besides, this con-

trol paradigm avoids complex interactions while preserving

the plausibility of natural motions.

3. Method
Overview. We first briefly review LoRA and its usage

for camera control in Section 3.1. Based on this formula-

tion, we then analyze the challenges of vanilla LoRA fusion

for camera control (Section 3.2). Subsequently, we pro-

pose LiON-LoRA with orthogonality and norm consistency

(Section 3.3), as well as linear scalability (Section 3.4) re-

spectively. Finally, we introduce the training-free fusion of

LiON-LoRA in Section 3.5.

3.1. Preliminary: Discrete LoRA Camera Control
Complex camera movements in 3D space can be decom-

posed into combinations of fundamental motion primi-

tives. Through LoRA [19] fine-tuning, we demonstrate that

VDMs can effectively adapt to basic motion patterns using

only a minimal set of reference videos with limited train-

ing iterations, as evidenced in Table 3. Therefore, we mod-

ify open-source CogVideoX [65] by injecting LoRA mod-

ules into the linear layers of the transformer blocks. This

lightweight adaptation enables precise control over camera

motion patterns while preserving the model’s original gen-

erative capabilities. The parameter update process for each

motion primitive is formalized as:

ΔWi = AiBi, Ai ∈ R
d×r, Bi ∈ R

r×k, (1)

Wi = W base
i + λΔWi, (2)

where i indexes distinct motion primitives, r, d, and k repre-

sent the LoRA rank, input, and output dimensions, respec-

tively. In addition, W base
i and ΔWi represent the original

CogVideoX weights and low-rank updates introduced by

LoRA, while λ controls the intensity of LoRA injection to

achieve the final model weights Wi.

In this paper, three types of fundamental camera prim-

itives are included: (1) horizontal/vertical offset, (2) for-
ward/backward movement, (3) orbital rotation around the
scene center. Each primitive requires dedicated LoRA

weight training, which requires motion-specific video data

preparation. To achieve videos to learn distinct camera con-

trol LoRAs, we render fixed and stable trajectories through

3D Gaussian Splatting (3DGS) [27] trained on the multi-

view dataset, DL3DV [33]. We adaptively decide the mov-

ing distance according to the medium depth of each scene.

More details are discussed in the supplementary.

3.2. Rethinking LoRA Fusion for Camera Control
Pre-trained foundational generative models typically enable

linear combinations of multiple LoRA weights to achieve
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Figure 2. Comparison between the vanilla LoRA fusion and
ours. The vanilla fusion of “forward” and “orbit left” LoRA con-

trols with adjusted adapter scales suffers from abrupt changes.

While our LiON-LoRA enhanced with norm consistency enjoys

a much smoother combination without parameter adjusting.

multitask capabilities, where the fusion strategy used be-

tween different LoRA modules is particularly significant.

The most straightforward method for LoRA fusion involves

linearly combining multiple LoRAs ΔWi through coeffi-

cients λi, i ∈ {1, 2, ..., k} as:

ΔW =

k∑

i=1

λiΔWi, (3)

where ΔW denotes the weight of the fused LoRA module.

Although directly linearly combining LoRA weights per-

forms well for high-level controllable tasks, such as style

and subject fusion [37, 43, 76], this vanilla strategy does

not manage satisfactory low-level control, such as camera

movements fusion, as illustrated in Figure 2. Specifically,

the LoRA fusion of the vanilla camera suffers from abrupt

changes (e.g., suddenly switching from forward movement

to orbit left) rather than a smooth progression in blending

these two camera motions, even when the combining coef-

ficients are carefully adjusted.

To address these issues, we rethink the LoRA fusion

from the perspective of vector space principles, including

orthogonality, norm consistency, and precise linear scalabil-

ity. Linear scalability: Although learning LoRA primitives

is an implicit way to control camera trajectories, explicit lin-

ear scalability is essential to achieve accurate camera con-

trol in linear space, which cannot be achieved simply by

adjusting the LoRA coefficient λ. This property not only fa-

cilitates flexible camera control but also enhances the LoRA

fusion process by enabling smoother movements. Orthogo-
nality: When multiple tasks share a base model, high-level

Figure 3. Illustration of the dilemma for LoRA fusion in cam-
era control. We show the 2D toy case to demonstrate the impor-

tance of orthogonality and norm consistency. Non-orthogonality

results in undesired enhancements or conflicts of fusions (b, c),

while significantly different norms lead to unstable fusion (d).

correlations among LoRA features may lead to undesired

enhancements or conflicts, as shown in Figure 3(b) and Fig-

ure 3(c), compromising the characteristics of each LoRA

during fusion. Thus, ensuring the orthogonality of the fea-

tures generated by each camera LoRA is a fundamental re-

quirement for effective fusion, allowing the model to pre-

serve the distinct characteristics of each motion. Norm
consistency: Since different camera control LoRAs are

trained independently, their low-rank matrices exhibit di-

vergent Frobenius norms. This disparity results in dispro-

portionate amplification or suppression of specific LoRA

weights during the combination, allowing one module to

dominate over others, as shown in Figure 3(d). To this

end, we introduce LiON-LoRA method to encompass all

three properties, which effectively decouples camera con-

trol capabilities within the parameter space while maintain-

ing their combined expressive power.

3.3. Orthogonality and Norm Consistency

Orthogonality. As mentioned above, the orthogonality

should be the base to get the complicated trajectories com-

bined from discrete ones. As shown in Figure 4, our layer-

wise similarity analysis reveals some factors of camera Lo-

RAs’ orthogonality. LoRA outputs in earlier transformer

blocks exhibit strong orthogonality, with an average cosine

similarity of 0.06±0.06, while deeper blocks show a notable

increase in correlation. This phenomenon suggests that

camera LoRAs have achieved almost orthogonal character-

istics in the shallower layers. As demonstrated in [1, 45],

the low-frequency camera controls are primarily encoded

within the initial transformer blocks of VDMs, with subse-

quent layers emphasizing high-frequency generation. This

observation aligns with our theoretical analysis, i.e., the

LoRA features corresponding to different camera trajecto-

ries exhibit good orthogonality in early blocks. It suggests

that the orthogonality should be sufficient to handle the low-

frequency camera control.

Norm Consistency. As illustrated in Figure 5, we observe

significant norm disparities among different LoRAs related

to various camera trajectories and transformer blocks across

different samples. These disparities stem from variations in

the underlying distribution of the training data. Notably, the
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Figure 4. Cosine similarity of different camera LoRAs. In the

shallow layers, LoRAs maintain orthogonality, while in the later

layers, coupling effects begin to emerge.

Case1 Case2

Figure 5. Norm Consistency of different LoRAs. The norms

of outputs from different camera control LoRAs vary significantly

for different samples, which occur in both early and later layers,

reflecting that LoRA weights fail to ensure norm consistency.

norm discrepancies are not uniform across the transformer

blocks, making it challenging to establish a pre-set adapter

scale that effectively balances the LoRA outputs. To ad-

dress this issue, we propose a post-normalization approach

tailored to individual LoRA outputs to ensure a balanced

contribution across different LoRAs as follows:

ΔŴi =
α

‖ΔWi‖ΔWi, (4)

α serves as a unified scaling factor for k different Lo-

RAs, which is typically set to α =
∑

(‖ΔWi‖)/k for bal-

anced norm preservation. This simple yet effective layer-

wise norm normalization scheme significantly improves the

smoothness of LoRA fusion, as shown in Figure 2.

3.4. Scaling Controllable Video Diffusion
Linear Scalability. Our empirical pilot studies reveal that

adjusting the adapter value λ of each camera LoRA during

training fails to enable explicit linear control. We summa-

rize the limitations of conventional LoRA scaling as fol-

lows. (1) λ is not integrated as the inputs of VDMs, without

explicitly affecting other video and textual features to con-

trol generations. (2) Increasing the value of λ undermines

the overall generalization of the base VDM, contradicting

the primary purpose of LoRA. (3) λ determines the intensity

of LoRA injection that facilitates high-level feature fusion.

However, this adjustment struggles to achieve fine-grained

precision in controlling camera trajectories.

To address these limitations, we adopt a flexible con-

trol mechanism by incorporating an additional scaling token

into the visual and textual token sequence to explicitly rep-

resent the scale of camera motion. Specifically, we define a

scaling value S ∈ [s, 1] to present the amplitude of each

camera movement, where s denotes the minimal scaling

value. Then we render corresponding videos from DL3DV

which contains 600 frames for each video clip. Conse-

quently, we could prepare training pairs of S and V = 49
video frames uniformly sampled from the first 600·S frames

of each clip, while the minimal s = 49/600. To improve the

fine-grained representation of S , we employ the Fourier-

based positional embedding γ(·) before sending it to the

linear projection as follows:

γ(S) =

J−1∑

j=0

[sin(2jπS), cos(2jπS)], (5)

E = linear(γ(S)), (6)

where j ∈ {0, ..., J−1} denote the frequency indice, and E
is the scaling token. Subsequently, E is further concatenated

with the visual and textual token sequence H as below:

H ′ = [H; E ] ∈ R
(n+1)×d, (7)

where n, d denote the original sequential length and chan-

nels for VDM’s transformer blocks, respectively. Note that

we use specific project linear to encode S for different cam-

era LoRAs. Thereby, it avoids coupling that could hin-

der orthogonality. LiON-LoRA remains parameter-efficient

since the additional trainable parameters associated with the

linear projection are negligible. As shown in Figure 10, the

scaling token scheme outperforms the adapter value. Our

systematic comparison demonstrates that the scaling token

achieves superior and more stable linear scalability.

Motion Strength Scaling. The proposed LoRA scaling

paradigm can seamlessly be extended to control the scale

of motion strength. Instead, the scaling value S is defined

to present the speed of object motion. Similar to the lin-

ear scalability in controllable camera motion, scaling value

S ∈ [s, 1] represents the magnitude of object motion. Dif-

ferent from the setting in camera motion, the maximum

frame of the object motion video is 240, resulting in the

minimal s = 49/240. To ensure that the scaling token

focuses exclusively on motion strength unimpeded by un-

desirable camera movements, we train the motion strength

scaling only on videos with static camera positions. To val-

idate the effectiveness of our proposed motion scaling, we

compute the Pearson correlation [2] between S and the

optical flow magnitude over consecutive frames, as illus-

trated in Figure 6. The results demonstrate that our method

achieves rapid convergence during the early stages of fine-

tuning LiON-LoRA. In contrast, the vanilla adapter scaling

fails to establish a meaningful correlation for effective con-

trol. Moreover, we show the qualitative results in Figure 7,

where the scaling token successfully controls the motion

strength with linear scalability.
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Figure 6. Pearson correlation of motion strength controllabil-
ity. We quantify motion controllability through Pearson correla-

tion analysis between optical flow magnitudes and two control

types (scaling scale vs LoRA adapter scale). While the adapter

scale exhibits poor motion linearity, our scaling token scheme en-

ables precise control over object motion strength.

0.1 0.3 0.7 1.0
Scale

48

24

0

Frame

Figure 7. Illustration of motion strength scaling. Our LiON-

LoRA method enables the control of object motion amplitude

through the scaling token without complex bounding box anno-

tations or drag-based interactions. Furthermore, this parameter-

driven approach ensures that the generated videos exhibit both

temporal continuity and visual consistency.

3.5. Training Free Fusion

The proposed LiON-LoRA achieves both orthogonality and

norm consistency without altering the existing LoRA fu-

sion process. However, incorporating new scaling tokens

during the LoRA fusion could potentially affect the video

sequence and compromise the orthogonality of LoRA out-

puts, thereby inhibiting independent control. Therefore, we

propose a novel fusion framework that enables independent

scaling control for multiple LoRAs as illustrated in Fig-

ure 8. Given k scaling values {S1, ...Sk}, each value is pro-

cessed through dedicated encoding layers to corresponding

scaling tokens {E1, ..., Ek}. These scaling tokens are then

concatenated with original hidden states of video sequence

H to form H ′:

H ′ = [H; E1; . . . ; Ek] ∈ R
(n+k)×d. (8)

…

Input

C

…

LoRA 1 LoRA k…

VDM’s linear     V

Self-AttentionSelf-Attention

…

Output

Sum operation

Concatenate

QKV Linear

Attention Process

C

Scaling tokens

Video&Textual tokens

…

…

A Average

…

A

Figure 8. Pipeline of multiple LiON-LoRA fusion. LiON-LoRA

first splits scaling tokens and then assigns them to the individ-

ual LoRA encoding and attention process. Finally, we average k
groups of output visual and textual tokens as Hout, while k output

scaling tokens are spatially concatenated.

To maintain individual control without feature coupling,

each LoRA output is designed to attend exclusively to a

specific scaling token Ei within its own independent atten-

tion subspace, denoted as Hi
′ = [H; Ei]. After the self-

attention, different scaling tokens are spatially concatenated

while the hidden states are averaged. The resulting output

tokens Hout ∈ R
(n+k)×d then propagate through the subse-

quent blocks, ensuring that control is properly disentangled.

Notably, LiON-LoRA fusion is training-free and highly ver-

satile, allowing for multi-trajectory camera fusions and hy-

brid camera-motion controls without any joint training.

4. Experiments

4.1. Experiment Setup
Dataset. We select the large-scale, multi-category scene

dataset DL3DV [33] as the training dataset of camera con-

trol. For each basic camera trajectory, we reconstruct the

scene using 3DGS [27] and render videos by moving the

virtual camera along pre-defined trajectory patterns, includ-

ing horizontal/vertical offset, forward/backward movement,

and orbital rotation around the scene center. Ultimately, we

reconstruct 100 scenes and render the corresponding videos

for each fundamental camera primitive. To train control-

lable object motion, we collected 172 videos from the Inter-
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Table 1. Quantitative results of basic camera poses. The

DimensionX-S∗ indicates the re-implemented version of S-

Director of DimensionX [45].

Method RotErr ↓ TransErr ↓ ATE ↓ FVD ↓
CogVideoX [65] 4.974 0.765 0.980 387.6

MotionCtrl [53] 2.254 0.269 0.408 290.9

CameraCtrl [16] 1.737 0.192 0.458 218.9

CamI2V [74] 1.033 0.215 0.370 294.6

DimensionX-S∗ [45] 1.223 0.201 0.359 193.3

Ours 0.776 0.167 0.295 136.0

net, which contain videos with flexible object movements

while the camera remains static. These videos with static

cameras are filtered by heuristic processing within bound-

ary tracking points detected from Cotracker [26]. We fur-

ther employed the optical flow to filter videos with too small

motions. This design facilitates the decoupling of cam-

era and object motion, enabling precise control over both

modalities. For quantitative performance evaluation, we se-

lected 100 samples from DL3DV for each motion primi-

tive and conducted evaluations on both basic and complex

camera poses. For qualitative results, we conduct compre-

hensive experiments across diverse data sources including

DL3DV, web images, and generated images.

Implementation Details. Our LiON-LoRA is based on

CogVideoX [65], a VDM trained on 49-frame sequences.

This LoRA-based training approach can be seamlessly

adapted to other video diffusion models, such as Hun-

Yuan [28] and DynamicCrafter [59] with its flexibility. Dur-

ing training, we supervise the diffusion model using videos

at a resolution of 480× 720, following the CogVideoX pre-

training scheme. We set the LoRA rank at 256 and fine-

tuned the LoRA layers for 4,000 steps with a learning rate of

5×10−4. We train LiON-LoRA and variants on 4 NVIDIA

H20 GPUs with a batch size of 16. For inference, we em-

ploy DDIM sampling with 50 steps, and the classifier-free

guidance scale is set to 6.

Metrics and Baselines. Following CameraCtrl [16], we

evaluate the accuracy of camera pose predictions using

three metrics. RotErr (rotation error), TransErr (transla-

tion error), and ATE (absolute trajectory error). To compute

these metrics with the structure-from-motion method, we

use GLOMAP [38] to convert multiview images into cam-

era poses for the predicted videos as in [74] . Addition-

ally, we assess video generation quality using FVD [48].

We compare our method with several state-of-the-art base-

lines, including DimensionX [45], MotionCtrl [53], Camer-

aCtrl [16], and Cami2V [74].

4.2. Qualitative Results
The qualitative results are presented in Figure 9. It can be

seen that our model outperforms MotionCtrl, CameraCtrl,

and CamI2V in terms of higher resolution, better consis-

Table 2. Quantitative results of complex fused camera poses.

Method RotErr ↓ TransErr ↓ ATE ↓ FVD ↓
CogVideoX [65] 4.104 0.717 0.842 383.2

MotionCtrl [53] 2.063 0.317 0.426 357.2

CameraCtrl [16] 1.947 0.201 0.440 261.8

CamI2V [74] 0.924 0.217 0.398 285.6

DimensionX-S∗ [45] 1.510 0.264 0.405 240.7

Ours 1.044 0.197 0.345 172.8

tency, less hallucinated content, and longer sequence gen-

eration. Furthermore, our approach requires only 4, 000 it-

erations of fine-tuning, significantly fewer than the at least

50, 000 steps typically needed by other competitors. This

efficient training strategy helps preserve the generalization

of the VDM. A particularly notable comparison is with the

DimensionX baseline, where our model achieves linear con-

trollability and multi-motion fusion under the same foun-

dation model, CogvideoX. Furthermore, CameraCtrl, Mo-

tionCtrl, and CamI2V may suffer from hallucinated content

and temporal flickering due to limitations in their base mod-

els and potential overfitting to specific training datasets.

4.3. Quantitative Results
The evaluation encompasses both fundamental camera

poses and their complex combinations to assess motion con-

trol fidelity. As demonstrated in Table 1 and Table 2, our

method achieves significant improvements in both camera

controllability and visual quality. For fundamental cam-

era poses, quantitative results reveal superior performance

across all metrics: Rotation Error (RotErr) ↓ 24.8%, Trans-

lation Error (TransErr) ↓ 13.0%, and Average Trajectory Er-

ror (ATE) ↓ 21.5%. The enhanced control capability stems

from introducing the scaling token that enables precise con-

trol of camera trajectories. Currently, due to the efficient

training architecture, the reduced number of fine-tuning it-

erations enables our framework to maintain enhanced tem-

poral consistency during long-form video generation (49

frames vs. 16-frame), demonstrating a 37.8% reduction in

FVD compared to CamI2V. As for complex camera mo-

tion combinations, our method also achieves superior per-

formance except RotErr metric, as demonstrated in Table 2.

4.4. Ablation Study
Dataset Size and Training Iterations. Compared to ex-

isting Plücker [41] embeddings as global positional embed-

ding to inject camera parameters, which typically require

large-scale datasets and extensive fine-tuning (10k+ itera-

tions), our method achieves precise linear controllability

with significantly fewer training samples. We conducted

comparative experiments on the “orbit left” trajectory using

7k versus 100 training instances, as illustrated in Table 3.

The results demonstrate that our model attains satisfactory

controllability after only 4k iterations with minimal data.
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Figure 9. Qualitative comparisons on camera pose control. (a) Our model achieves diverse styles with strong generalization and adapt-

ability. Existing methods (MotionCtrl [53], CameraCtrl [16], CamI2V [74]) struggle with inconsistent scene geometry and hallucinations

across styles. The re-implemented DimensionX [45] has limited camera movement amplitude and lacks linear control. (b) Under com-

plex trajectories, our method effectively integrates diverse camera movements while maintaining high quality. Others face limitations in

large-scale motion and generalization, while DimensionX suffers from LoRA conflicts, losing some camera movements (orbit left).
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Figure 10. Linear scalability of LoRA. Vanilla LoRA adjusts in-

jection strength via the global “adapter scale” λ, which lacks preci-

sion in camera motion control. Specifically, an insufficient adapter

scale fails to control the camera of VDM, while a large adapter

scale may lead to poor quality. In contrast, our LiON-LoRA en-

ables linear controllability with better VDM generalization.

Each Components. Our method achieves precise linear

controllability by injecting control signals through addi-

tional scaling tokens in the transformer architecture. As

compared to the vanilla adapter scaling approach of LoRA

in Figure 10, our framework not only enables accurate con-

Table 3. Ablation study on dataset size and training iterations.

Samples Iteration RotErr ↓ TransErr ↓ ATE ↓ FVD ↓
100 4k 0.802 0.143 0.331 175.3
100 10k 0.710 0.146 0.327 184.6

7k 4k 1.227 0.252 0.390 232.5

7k 10k 0.896 0.140 0.341 202.8

trol but also effectively decouples the intensity of LoRA

injection from control signals. To further quantify the in-

fluence of individual component on overall model perfor-

mance, we provide a detailed ablation analysis in Table 4.

Table 4. Ablation study on each components.
Method RotErr ↓ TransErr↓ ATE ↓ FVD ↓

W/O scale token 1.317 0.230 0.377 179.3
W/O LiON-fusion 1.863 0.269 0.427 254.5
W/O LoRA norm 1.436 0.265 0.392 227.8

Full model 1.044 0.197 0.345 172.8

5. Conclusion

We present LiON-LoRA, a parameter-efficient framework

for unified spatial-temporal control in VDMs, based on lin-

ear scalability, orthogonality, and norm consistency. We

find camera LoRAs exhibit strong orthogonality in shallow

VDM layers, while we further normalize LoRA outputs for

norm consistency, facilitating smooth camera LoRA fusion.

Moreover, we propose a scaling token to control camera

movements and motion strength with linear scalability. A

training-free LoRA fusion framework is proposed for in-

dependent control across these modules. Extensive exper-

iments validate the efficacy of our proposed LiON-LoRA

approach with minimal training data.
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