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Fig.1: Comparison with state-of-the-art methods [23, 78] on camera-
controlled video generation. Under an identical target camera trajectory and a
single input image, our approach achieves the closest adherence to the camera motion
and yields the best perceptual quality.
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Abstract. This paper presents DualCamCtrl, a novel architecture for
camera-controlled video generation that internalizes geometric reason-
ing into the diffusion process. Existing methods rely solely on ray-based
camera conditioning, which entangles appearance and geometry model-
ing within a single representation, or resort to external 3D cache and
multi-stage pipelines that are hard to jointly optimize. DualCamCtrl
addresses this by generating depth as a co-evolving modality alongside
RGB through a dual-branch framework, enabling geometry and appear-
ance to inform each other throughout denoising. To govern this cross-
modal interaction, we propose the SemantIc Guided Mutual Alignment
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(SIGMA) mechanism, which schedules RGB-depth fusion in a stage-
aware manner based on our empirical finding that depth and camera
poses exert asymmetric influence across the denoising trajectory. To-
gether with a two-stage training strategy, these designs enable DualCam-
Ctrl to disentangle and jointly evolve appearance and geometry, gener-
ating videos that faithfully adhere to specified camera trajectories. Ex-
tensive experiments demonstrate that DualCamCtrl achieves more con-
sistent camera-controlled video generation with over 40% reduction
on camera rotation errors compared with prior methods. Project Page:
https://soyouthinkyoucantell.github.io/dualcamctrl-page.

1 Introduction

Advances in video diffusion models [1,6, 18-21,26,27,34,41,46,81,83,85,95,97]
have significantly improved the quality of video generation from textual descrip-
tions. These developments have extended beyond basic text-to-video (T2V) or
image-to-video (I2V) generation, with growing efforts toward integrating control
mechanisms into the video generation process, such as camera control [1,23, 24,
28,36, 42,86, 99-101], motion transfer [11,31,54,57,62,84,99], object manipu-
lation [16,37,61, 66,75, 88|, and multi-modality prediction [14, 30,58, 68,69, 82,
92-94]. Among them, camera control has emerged as a particularly promising
direction, enabling natural camera movements and viewpoint transitions that
bridge the gap between generative modeling and real-world cinematography,
supporting applications from virtual directors to interactive 3D scene genera-
tion [6,12,19,32,83,89,101].

Building on this progress, camera-~conditioned video diffusion models [1, 23,
24,86,101] have been explored to follow camera trajectories during video syn-
thesis. However, most approaches rely solely on camera poses or their ray-
conditioned representations (i.e., Pliicker embeddings) as control signals.

Although ray-conditioned models [1,23,32,86,101] effectively encode camera
motion through per-pixel ray directions, they force the network to simultane-
ously learn what to generate (appearance) and where to place it in 3D space
(geometry), using only ray-based signals that carry no explicit scene structure.
We argue that this entanglement of appearance and geometric reason-
ing is a fundamental bottleneck in camera-controlled video generation: the model
must implicitly infer scene geometry from appearance cues alone, inevitably lead-
ing to suboptimal camera motion consistency. Meanwhile, some recent meth-
ods [49, 64, 98] attempt to address this by leveraging external or multi-stage
3D reconstruction pipelines (e.g., point cloud caching and re-projection). While
these approaches decouple geometry from appearance to some extent, they in-
troduce complex multi-step workflows and cannot jointly optimize geometry and
appearance within a unified generation process. These observations motivate a
fundamentally different design: an architecture that internalizes geometric rea-
soning into the video generation process itself, enabling geometry and appear-
ance to jointly evolve under camera control. Depth is a natural candidate for
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such geometric grounding, yet our systematic study reveals that naive integra-
tion strategies consistently fail: conditioning on a single-frame depth map [10]
lacks temporal context and leads to unnatural scene structures, while jointly
modeling RGB and depth within a single branch introduces modality interfer-
ence that degrades synthesis quality. The challenge thus lies not in whether to
incorporate depth, but in how to architect the cross-modal interaction so that
geometric and appearance representations can coexist and mutually reinforce
each other without interference.

To this end, we propose DualCamCtrl, a novel camera-control architecture
that internalizes geometric reasoning through parallel depth generation. Unlike
prior methods that depend on external control signals at every frame or multi-
stage 3D reconstruction pipelines, DualCamCtrl generates depth as a co-evolving
modality within the latent diffusion process itself. Conditioned on shared cam-
era poses, the RGB and depth branches jointly denoise, allowing geometry and
appearance to mutually inform each other throughout generation—a capabil-
ity absent in architectures where 3D information is externally computed and
injected as a static signal.

We further introduce the SemantIc Guided Mutual Alignment (SIGMA), a
novel mechanism to govern cross-modal interaction between the two branches.
SIGMA is motivated by our empirical analysis, which reveals that depth and
camera poses exert asymmetric influence on the RGB denoising trajectory: cam-
era poses dominate global structure formation in early denoising stages, while
depth progressively refines geometric consistency in later stages. Accordingly,
SIGMA prioritizes semantic fidelity in the early phase and activates geometry-
guided mutual feedback in the later phase, enabling the two branches to co-evolve
in a principled, stage-aware manner. Additionally, a two-stage training strategy
is adopted to stabilize the learning process, consisting of a decoupled stage fol-
lowed by a fusion stage.

To summarize, our main contributions are threefold:

1. We identify the entanglement of appearance and geometric reasoning as a
core bottleneck in camera-controlled video generation, and systematically
demonstrate that naive depth integration strategies fail to resolve it, reveal-
ing that the key challenge lies in how to architect the cross-modal interaction.

2. We propose DualCamCtrl, a new architecture that internalizes geometric
reasoning via parallel depth generation. Guided by our empirical analysis
of modality-specific denoising dynamics, we design the SIGMA mechanism
for stage-aware cross-modal alignment and a two-stage training strategy,
enabling geometry and appearance to jointly evolve without heavy external
3D pipelining.

3. Extensive experiments validate the effectiveness of our approach, achieving
more than 40% reductions in rotation errors compared with previous SOTA
methods, while preserving high-fidelity visual quality.
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2 Related Work

Foundation model of video generation. Recent foundational diffusion-
based video generation models, such as CogVideoX [96], Stable Video Diffu-
sion (SVD) [5], Wan [78], Lumiere [3], VideoCrafter [8,9], ModelScope-T2V [80],
Latte [52], and Open-Sora [43,60], have established powerful baselines for text-
to-video and conditional video synthesis. These models employ large-scale latent
diffusion architectures to achieve high temporal consistency and fine-grained
scene dynamics. Building upon these foundational models, subsequent studies
have explored their adaptation to various downstream video generation tasks,
including camera control, [1, 7,23, 24, 28, 36, 42, 50, 86, 99-101], motion trans-
fer [11,31,54,57,62,84,99], object manipulation [16,37,61,66,75,88], and multi-
modality prediction [14, 30,58, 68, 69, 82, 92-94]. In this work, we focus on the
problem of camera-controllable video generation, aiming to enable more con-
sistent camera control video generation built upon diffusion-based foundation
models [78].

Camera control for video models. Early efforts toward camera-controllable
video generation were pioneered by methods such as MotionCtrl [86], which ex-
plicitly encode camera poses to guide video diffusion models. Following this line,
CameraCtrl [23] and VD3D [2] further introduce ray-based conditioning (i.e.,
Pliicker embeddings [71]) to inject camera parameters into pretrained diffusion
backbones. More recently, CameraCtrl-II [24] and Wan [78] extend this idea
by incorporating camera pose information through pre-DiT conditioning. Mean-
while, AC3D [1] provides a deeper analysis of Video DiT behavior and mitigates
training data limitations by constructing dynamic-scene datasets with rigid cam-
era motion. Despite these advances, existing approaches still struggle to preserve
the intended camera trajectory.

Geometry-aware video generation. Incorporating explicit 3D geometric
cues into video generation has attracted growing attention. Traditional approaches
based on neural radiance fields [56,72] and 3D Gaussian splatting [38] achieve
geometry-consistent novel view synthesis but require dense posed images and
per-scene optimization. By leveraging generative priors, ReconFusion [90] and
CAT3D [17] enable sparse-view reconstruction, yet still rely on per-scene op-
timization, limiting their scalability. More recent works such as ReconX [49],
ViewCrafter [98], and GEN3C [64] incorporate depth and point clouds to de-
couple geometry from appearance and enable camera-controlled generation from
sparse inputs. However, these approaches rely on disjointed, multi-stage pipelines
that explicitly warp or project 3D representations—a paradigm that enforces
rigid geometry and is inherently tailored for novel view synthesis. In contrast,
our method internalizes geometric reasoning directly into an end-to-end latent
diffusion process, enabling the joint evolution of appearance and geometry while
preserving the flexibility of dynamic generative priors.
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Fig. 2: Overall architecture of DualCamCtrl. DualCamCtrl adopts a dual-branch
framework that simultaneously generates RGB and depth video latents from an input
image and its corresponding depth map. The two latents are then element-wise added to
the encoded Pliicker embedding and concatenated with noise (Sec. 3.2). Subsequently,
the two modalities interact through our proposed SIGMA mechanism and fusion block
(Sec. 3.3). During training, both predictions are supervised by their respective loss
functions (Sec. 3.4).

3 Method

In this section, we introduce the DualCamCtrl framework, which enables more
geometry-aware camera-conditioned video diffusion by integrating geometric cues
(i.e., depth) in a dual-branch manner. We first provide necessary preliminaries
in Sec. 3.1. In Sec. 3.2, we describe how depth is injected via our dual-branch
architecture. We introduce the SemantIc Guided Mutual Alignment and 3D
fusion strategy for interaction between RGB and depth branches in Sec. 3.3.
Sec. 3.4 details our two-stage training pipeline.

3.1 Preliminary

The video diffusion process typically involves a gradual denoising procedure,
where a noisy latent representation of the video z; is progressively transformed
into a video sequence. In camera-controlled video generation, the process is
mainly conditioned on two inputs: the context condition ¢ (i.e. images or tex-
tual descriptions), and the camera pose (R,t). Camera positions are encoded
through ray-based conditioning [1,23, 78], where each pixel is associated with a
Pliicker ray representation derived from (R, t).

Formally, given a video V € RT>*3*HxW “where T is the number of frames,
and H,W are the height and width of each frame. This video is first encoded
into a latent space using a pretrained encoder &, producing zy = £(V), where
29 € RT'*Cxhxw Under our setting [78], the latent z has temporal length
T = % + 1, channel dimension C’ = 16 and spatial dimensions h = H/S,
w = W/8. The diffusion process then gradually denoises z; at each timestep t,
conditioned on inputs ¢, which can be an image cimage Or text ciext, as well as
camera pose parameters (R,t). The training objective is to predict the noise e
added to the latent (Eq. (1)):

EZEENN(O,I) |:H€79(Zt7tvcvRat)||2:|7 (1)
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where 6 denotes the denoising network. During the inference stage, the denoising
process is performed iteratively over a sequence of timesteps t. After denoising
in the latent space, the output Z is decoded by the decoder D to obtain the
predicted video V: V = D(2).

3.2 Dual-Branch Camera-Controlled Video Generation

Depth has long been recognized as a crucial cue for scene understanding as it
explicitly encodes scene geometry and spatial layout [13, 22,30, 44,45, 53, 65,
69,73,87]. However, despite the importance of geometric priors, the integration
of depth cues in camera-conditioned video generation remains unexplored. In
this section, we investigate how depth information can be leveraged to enhance
camera-conditioned video synthesis. Specifically, under the 12V setting, the input
consists of a single reference frame, and a monocular depth estimator [10] allows
us to predict a plausible depth map for that frame. However, relying solely on
this single-frame depth is insufficient for guiding long-range video generation, as
it provides only a static snapshot of the scene’s geometry without maintaining
temporal consistency. Moreover, naively coupling the generation of RGB and
depth modalities tends to cause interference between them. This motivates us to
design a framework that can propagate and effectively utilize depth information
throughout the video sequence, thereby assisting RGB synthesis while mini-
mizing interference. To this end, we propose a dual-branch architecture, where
RGB and depth features are processed in parallel, each conditioned on the same
camera poses to generate modality-specific representations (Fig. 2). This design
allows the model to produce coherent information for both modalities under
consistent camera motion.

Formally, given an input image Irgp € , we first employ a monoc-
ular depth estimator [10] to obtain its depth map Ip € RY>H*W_ Following
previous works [25,30,68,93], the estimated depth is replicated along the chan-
nel dimension to match the channel number of the RGB input. Both the RGB
image and the replicated depth are then encoded into the latent space using a
pretrained encoder ¢, producing their respective latent representations zIré® and
2. The two latent representations are both zero-padded in the frame channel to
match the length of noise. Then they are element-wise added with the same en-
coded pliicker embedding which represents the camera pose (R, t). Afterwards,
they are concatenated with the same Gaussian noise € and processed by a de-
noising network 6 (i.e. Diffusion Transformer [59]), which consists of two parallel
branches corresponding to the RGB and depth modalities. The model 6 jointly
predicts the denoised latent sequences, yielding an RGB video latent 2V®¢B and
a depth video latent 3VP.

During training, the predicted latents are supervised by the ground-truth
video latents zV®S® and zVP, which are obtained by encoding the ground-truth
RGB-D video VRSB and VP, During inference, a pretrained decoder D is em-
ployed to reconstruct the corresponding RGB from the predicted latents. The
training strategy is further described in Sec. 3.4. Details of the T2V setting are
provided in the supplementary material due to space limitations (Fig. 2).

R3><H><W
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Fig. 3: (a) Illustration of modality misalignment. Independent RGB and depth
latent evolution leads misalignment across frames. This motivates the design of our
SIGMA strategy to establish coherent cross-modal alignment. (b) Comparison with
one-way alignment. One-way alignment transfers information unidirectionally, lead-
ing to misalignment on local semantics. (¢) Comparison with geometry-guided
alignment Under the geometry-guided setting, geometry cues evolved too quickly and
become inconsistent with RGB motion.

3.3 Injecting Depth Cues for Mutual Alignment

Semantic Guided Mutual Alignment. Based on our dual-branch frame-
work, one branch synthesizes the RGB sequence, while the other generates the
corresponding depth sequence. Despite being conditioned on the same input (i.e.
image or text), the two branches evolve independently, resulting in inconsis-
tency between their outputs, which necessitates an effective alignment strat-
egy (Fig. 3). To address this, we first performed a CKA analysis between the
dynamic and ground truth depth latent features, as well as the camera pose em-
beddings (Fig. 4). Our findings suggest that early layers in the RGB branch are
more closely related to the camera pose. Building on this, we explored further and
discovered that simple fusion strategies remain insufficient. We observe that one-
way alignment, which transfers features from one modality to another without
feedback, fails to preserve semantic consistency. On the other hand, geometry-
guided alignment overemphasizes geometric cues, disrupting appearance coher-
ence. In response, we in- 4 Semantic Signal(RGB) Geometry Signal(Depth)

troduce Semantlc Guided — Early Stage
Mutual Alignment (SIGMA). 23 — Mid Stage
Motivated by this obser- %, — Late Stage
vation, SIGMA adopts a & : . Eleﬁp::er
semantic-guided bidirectional A7 \ | Embedding

design: in the early layers, Block Index 5 10 15 30 5 10 15 30

RGB features anchor seman- Fig. 4: We conduct linear CKA analysis [40] on the
tic structure, while later lay- 5del obtained after the decoupled training stage
ers incorporate depth feed- (Sec. 3.4), computed over 500 randomly sampled val-
back to refine geometry. We idation sequences from RealEstatel0K [102] at early,
empirically validate this de- mid, and late denoising stages. Shaded regions indi-
sign choice in Tab. 4. cate =1 standard deviation over 3 random seeds. At
early layers, RGB features are more closely related
to the Pliicker embedding, suggesting a closer asso-
ciation with camera pose across all denoising stages.

Notably, this design is
motivated by two empiri-
cal observations. Observa-
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tion.® Priority matters: Appearance should first dominate the initial stages
to ensure semantic fidelity, while depth is introduced later as a complementary
corrective signal that refines geometric consistency. Observation.® Mutual
feedback matters: Enabling both branches to inform each other avoids the
imbalance of one-way alignment, leading to more consistent representation. To-
gether, these principles enable SIGMA to more effectively harmonize semantic
and geometric representations, ultimately yielding more visually coherent video
generation (Tab. 4).

3D Fusion Strategy. Our experiments reveal that achieving temporal and
spatial consistency between RGB and depth sequences cannot rely solely on
alignment strategies (Fig. 5). While SIGMA effectively coordinates the two
branches, conventional shallow projection layers (e.g., linear feature injection
as in [19,83,100]) still ignore the temporal ordering and Spatlal layout of video,
treating all latent pixels uni-
formly across frames and of-
ten producing temporally incon-
sistent outputs. To effectively
capture spatiotemporal cues, we
introduce 3D convolutions into
the fusion block, enabling the
model to fuse semantic and ge-
ometry information over both 4
spatial and temporal dimen- Fig.5: Comparison of fusion strategies. (Up-
sions (Fig. 2). To balance com- per.a) Previous shallow linear fusion operates in a
putational cost and parameter pixel-wise manner, ignoring temporal and spatial
efficiency, we further adopt an context and causing inconsistency over time. (Up-
efficient bottleneck design in- per.b) We introduce 3D Fusion strategy to extend
spired by [29,67, 74]. A frame- the. fusion formul'ation from 1D to 3D'by inc.orpo—
rating 3D operations. (Lower) Traditional linear-
layer fusion often leads to visual artifacts, while
our methods produce smoother, more coherent re-
sults.
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wise gating mechanism is in-
volved to adaptively modulate
the fusion strength according to
temporal dynamics.

3.4 Two-stage Training Pipeline

Recall that our training objective is twofold: to enable each modality to de-
velop generative competence and to foster effective cross-modal interaction. We
empirically found that the depth branch, which starts from scratch, is initially
interpreted by the model as producing low-light effects when generating content
(Fig. 6). However, directly training both RGB and depth branches jointly leads
to severe convergence issues: the depth stream fails to learn meaningful geometry,
which destabilizes overall optimization (Fig. 9). To address this, we adopt a two-
stage training strategy. In the first, decoupling stage, appearance and geometry
are learned independently; in the second, fusion stage, cross-branch interaction
is introduced via a fusion block. The detailed procedure is described below.
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Fig. 6: Effect of staged training. (Left): Feeding depth directly into the diffusion
model does not cause immediate collapse, but the model interprets it as a low-light
scenario for generation. (Middle): Without decoupling appearance and geometry during
training, the model initially runs but ultimately fails to converge. (Right): As a result,
the generated motion is inconsistent with the input geometry.

Initialization and Decoupled Stage. To incorporate knowledge from pre-
trained diffusion models, we first initialize both the RGB and depth branches
with the same model weights [78]. The primary goal of this stage is to enable
the model to learn a robust depth synthesis module that can be used as a com-
plementary signal for the RGB branch. However, no existing dataset provides
simultaneously scene-level realistic video motion, corresponding camera param-
eters, and ground-truth depth [4,15,35,39,47,55,91]. To address this, we employ
state-of-the-art monocular depth estimation methods to predict depth maps for
all frames and use them as supervision for the depth branch [10]. To avoid inter-
ference between the two modalities, we do not perform any cross-branch fusion at
this stage. This separation ensures that each branch can independently capture
its respective cues, appearance for RGB and geometry for depth, without desta-
bilizing the training process (Fig. 9). Interestingly, we observed that although
the depth branch cannot generate the target sequence initially, it still interprets
depth as a hazy image and uses this as a condition for generation (Fig. 4). Fur-
thermore, considering that the depth supervision is derived from pseudo labels,
we incorporate additional robustness strategies during training to mitigate noise
and further improve the quality of the learned depth representations (Sec.4).

Fusion Stage. In the second stage, we enable fusion between the RGB and
depth branches to exploit their complementary strengths: the RGB branch pro-
vides rich appearance cues, while the depth branch conveys geometric structure.
The training objective remains a combination of depth and RGB losses (Eq. (4)).
We zero-initialize the fusion block, allowing their influence to emerge gradually.

Loss Function. Let~y € {0, 1} indicate whether cross-branch fusion is enabled,
where v = 0 corresponds to the decoupled stage and v = 1 corresponds to the
fusion stage. We define the 3D-aware cross features hFB=P (from RGB to
Depth) and AP?RSB (from Depth to RGB), with the corresponding losses for
each branch as follows (Egs. (2) and (3)):

‘CRGB =E |:H’UFGB - QRGB(Z%%GB7 t7 C, R7 t, Y hP%RGB) H2:| ) (2>
Lp=E [HvP — 0p (2P, t, ¢, R, t; 4 hEGB=D) ||2] : (3)
The overall loss is then defined as (Eq. (4)):

Loverall = LrgB + ALD. (4)
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Table 1: Quantitative comparisons on I2V setting. 1 / | denotes higher/lower
is better. We highlight the best and second best .

| REALEsTATE10K | DL3DV
|[FVD | FID | |CLIPSIM4 FC+ MSt |RE| TE| |[FVD| FID||CLIPSIMt FC1 MSt |BE| TE|

Method

MotionCtrl [36] | 137.4  71.70 0.2401 0.9621 0.9733 | 2.80 1.04 | 158.5 98.51 0.2009 0.9386  0.9360 | 1.10 1.73
CameraCtrl [23] | 118.7  69.90 0.2358 0.9623 0.9860 | 2.38 1.03 | 144.4 85.37 0.2015 0.9569 0.9745 | 1.04 1.71
Seva [101] 1042 76.69 0.3059 0.9570  0.9815 | 2.62 0.32 | 206.0 130.9 0.2044 0.9443  0.9471 | 1.06 1.67
Wan [78] 109.2  77.80 0.2859 0.9567 0.9863 | 2.08 0.32 | 127.9 70.77 0.2022 0.9512  0.9731 | 1.01 1.64
DualCamCtrl | 80.38 49.85 0.2998 0.9677 0.9886 | 1.25 0.23 | 92.2 53.89 0.2047 0.9637 0.9763 | 0.88 1.39

_MotionCtrl CameraCtrl __Seva__

HE

Input Image

[

Camera Pose

PRAATY

Fig.7: Comparison between our method and other state-of-the-art ap-
proaches. Given the same camera pose and input image as generation conditions,
our method achieves the best alignment between camera motion and scene dynamics,
producing the most visually accurate video. The ’+’ signs marked in the figure serve as
anchors to indicate specific reference points for better visual comparison.

4 Experiments

4.1 Experimental Setup

Baselines. We evaluate our method against several state-of-the-art camera-
controlled video generation models. In the 12V setting, we compare our approach
with MotionCtrl [86] and CameraCtrl [24], as well as two recent strong baselines,
WAN-V2.1 [78] and SEVA [101]. In the T2V setting, we compare with CameraC-
trl, MotionCtrl, and the most recent AC3D [1]. All baseline models are evaluated
under the same split and evaluation metrics for a consistent comparison.

Implementation Details. We use WAN-V2.1 as the backbone video diffusion
model. Following [1,24,86,101], we train our model on the REALESTATE10K [102].
It contains over 60 M video clips with per-frame camera parameters. Training is
conducted on 8 H100 GPUs. We follow the original training scheme of the base-
line model with 1000 denoising steps, using rectified flow [48,51] as the training
target.

Depth Modeling for Robust Control. As discussed in Sec. 3.4, we super-
vise depth prediction using pseudo-labeled depth maps as ground truth [10],
which inevitably contain failure cases. To enhance robustness against imperfect
depth estimates and to promote joint learning beyond our dual-branch design
and SIGMA, we early-stop the decoupled training stage to capture only coarse
geometric cues, and randomly drop the depth loss to prevent overfitting to noisy
depth signals. We put more analysis in the appendix.
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Table 2: Quantitative comparisons on T2V setting across REALESTATE10K
and DL3DV.

Method ‘ REALESTATE10K ‘ DL3DV

|FVD | |CLIPSIMt+ FCt MSt |REL TE| [FVD [|CLIPSIMt FCt MSt |RE| TE|

MotionCtrl [36] | 506.9 0.2744 0.9471  0.9734 | 2.90 1.06 | 746.7 0.2033 0.9448 0.9462 | 1.17 3.23
CameraCtrl [23] | 426.8 0.2734 0.9526  0.9750 | 2.68 0.98 | 675.5 0.2027 0.9518 0.9610 | 1.01 4.00
AC3D [1] 415.6 0.3044 0.9496 0.9811 | 2.67 0.38 | 452.8 0.2078 0.9529 0.9869 | 1.06 2.11
DualCamCtrl | 408.1 0.3154 0.9540 0.9918 | 1.23 0.25 | 427.4 0.2090 0.9544 0.9807 | 0.83 1.53

Evaluation Metrics. We evaluate video generation performance using widely
adopted metrics, including Fréchet Video Distance (FVD) [77], Fréchet Incep-
tion Distance (FID) [76], and CLIP similarity (CLIPSim) based on CLIP [63].
We further assess Frame Consistency (FC) and Motion Strength (MS) using
VBench [33]. Rotation and translation errors (RE, TE) are computed with fine-
tracking from VGGSIM [79], excluding tracking failures (=~ 5%) and near-static
cases. We also conduct a human study with over 30 participants for qualitative
evaluation (Fig. 10).

4.2 Main Results

Quantitative Results. We compare our proposed DualCamCtrl against re-
cent state-of-the-art video generation methods, including MotionCtrl [86], Cam-
eraCtrl [23], Seva [101], Wan [78], and AC3D [1]. Our evaluations on the REAL-
EsTATE10K and DL3DV datasets under both Image-to-Video (I12V) and Text-
to-Video (T2V) settings, with results summarized in Tables 1 and 2. As shown,
DualCamCtrl achieves the best overall performance across nearly all metrics.
We highlight three key advantages of our approach:

1. State-of-the-art Generative Quality: Our method establishes a new
state-of-the-art in distribution-level realism. In the 12V setting, DualCam-
Ctrl significantly reduces the FVD from 104.2 to 80.38 on RealEstatel0K,
and from 127.9 to 92.2 on DL3DV, demonstrating clearly superior visual
fidelity compared to existing baselines.

2. Precise Camera Controllability: The core strength of DualCamCtrl lies
in its geometric accuracy. We observe a substantial reduction in both Rota-
tion Error (RE) and Translation Error (TE). Specifically, in the T2V setting
on REALESTATE10K, our method decreases RE by over 40% (from 2.67 to
1.23) and TE from 0.38 to 0.25. This precision in motion modeling mitigates
structural warping, directly contributing to the improved FVD scores.

3. Spatiotemporal Consistency: Beyond geometric precision, DualCamCtrl
maintains leading scores in CLIPSIM, Frame Consistency (FC), and Mo-
tion Smoothness (MS). These results confirm that our approach effectively
balances fine-grained camera control with high semantic alignment and tem-
poral coherence across diverse datasets and generation settings.

Qualitative Results. As illustrated in Figs. 7 and 8, DualCamCtrl synthe-
sizes videos that better adhere to the intended camera motions while achieving
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Fig. 8: Comparison under noticeable camera motion. Under noticeable camera
motion, a substantial portion of the scene must be synthesized from previously unob-
served regions. Our method preserves geometric consistency while achieving the highest
visual fidelity. The '+’ symbols indicate reference points for precise visual comparison.

noticeably higher visual fidelity and stronger temporal coherence in the gener-
ated regions compared to baseline methods. Furthermore, our approach attains
the highest overall preference rate in the user study (Fig. 10). These results
demonstrate that incorporating depth-aware geometric modeling not only im-
proves quantitative performance but also produces outputs that are subjectively
preferred by human evaluators.

4.3 Ablation Study

In this section, we conduct ablation studies to evaluate the contributions of key
components in our DualCamCtrl framework on the REALESTATE10K dataset.

Effect Of Incorpo- Baseline (w/o Depth) ~ [=<] Ours (w/ Depth) Single-Stage  [==] Two-Stage (Ours)

Depth Ablation Two-Stage Training Ablation

rating Depth. To
assess the benefit of
depth guidance, we
compare our model
with and without depth i '
guidance. As shown Fig.9: Ablation studies on our method. Impact of
in Fig. 9, removing depth conditioning and two-stage training on perfor-
mance. Metrics include FVD (]), FID (}), MS (1), and FC
(1) Both design choices improve video generation quality.

FVD / FID
FVD / FID

depth leads to a no-
table degradation in
FVD and MS, indicating weaker temporal stability and geometry understanding.
This confirms that depth provides strong structural cues for camera-controlled
scene generation. Here, we control the parameters to isolate the effect of depth.

Effect of Two-Stage Train- Table 3: Ablation on 3D fusion block.

ing. We further evaluate the ef- ~ Variant |FVD| FIDJ| MSt FC1
3 _ - ControlNet-Style (1D) 112.3 61.8 0.9819  0.9641
feCtheneSS Of our two Stage train Spatial (2D) Fusion 98.4 60.1 0.9815  0.9643

ing scheme. As seen in Fig. 9,  Spatial Temporal (3D) Fusion | 85.4  52.7 | 0.9861  0.9648
direct jOint training (Only fU.SiOn 3D Fusion + Frame Gating 80.4 49.9 | 0.9886  0.9677
stage) leads to unstable convergence and suboptimal temporal coherence. The
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two-stage variant achieves superior results across all metrics, suggesting that de-
coupling appearance and geometry learning before fusion significantly stabilizes
training and enhances cross-modal consistency.

Effect of 3D fusion strategy. We perform a progressive ablation to evaluate
each component of the 3D fusion block. As shown in Tab. 3, adding spatial, 3D
spatiotemporal, and frame-gating modules progressively improves performance.

Effect of Semantic Guided Mutual Alignment. We further investigate
the impact of cross-branch communication and fusion depth. Three fusion strate-
gies are compared: (1) One-way Alignment, (2) Geometry-Guided Alignment, (3)
Semantic Guided Mutual Alignment (Ours). In Tab. 4, the left two columns indi-
cate the layer ranges where RGB and depth features are injected, allowing us to
analyze the effect of fusion Table 4: Analysis on alignment mechanisms.
depth under each strategy. “4RGB #Depth |[FVD | FID || MST FCT |RE] TE

As shown in Tab. 4, SIGMA - 1-5 914 591 | 0.984 0.966 | 1.76 0.36
consistently achieves the best - 1-10 | 87.0 584 | 0984 0964 | 1.56 0.37
. : . - 1-15 | 832 597 | 0.985 0964 | 1.55 0.35
video quality metrics as well
. ) 6-10 1-5 874 542 | 0985 0966 | 1.56 0.33
as camera motion CONSsis- 6-15 1-5 84.6 532 | 0987 0966 | 1.55 0.34
tency, indicating that seman- 11-15 110 | 842  53.7 | 0.987 0965 | 1.55 0.34
tic guided mutual alignment 1-5 610 | 80.9 495 | 0987 0965 | 1.27 0.25

1-5 6-15 80.4 49.9 | 0.989 0.968 | 1.25 0.25
1-10 11-15 80.3 50.2 | 0989 0.969 | 1.27 0.23

is more effective than one-
way or geometry-guided con-
ditioning.

Robustness to Depth  Table 5: Robustness to different depth quality.

Quahty' We evaluate Methods & Degradations ‘ Rot. Err | Trans. Err | ‘ FVD |
the robustness of Dual-

. Seva 2.62 0.32 104.2
CamCtrl under varying  oOurs (Default) 1.25 0.23 80.4
depth quality by intro- Downsample 4x 1.28 (10.03)  0.25 (+0.02) | 82.9
ducing realistic degrada-  MiDa$ (Low Res) 1.28 (+0.03)  0.26 (+0.03) | 82.1
tions to the depth input7 Kinect Depth (Sim.) 1.37 (+0.12) 0.28 (+0.05) 84.7

including spatial downsampling, low-resolution monocular estimation, and sim-
ulated sensor noise. As shown above, all degraded settings incur only marginal
performance drops compared to the default configuration (e.g., Rot. Err
+0.03~+0.12). Importantly, camera motion accuracy and video quality remain
substantially better than the baseline, indicating that our method primarily
leverages coarse geometric structure rather than relying on precise pixel-level
depth fidelity. These results demonstrate strong robustness to imperfect depth
estimation in practical scenarios.

Backbone Generality and Scalability. To further substantiate general-
ity, we evaluate Dual- Table 6: Ablation on model variants (Baseline / Ours).
CamCitrl on diffusion
backbones of different
capacities. As shown
above, our method
consistently improves camera accuracy and video quality across both a weaker

Backbone ‘ Rot. Err | Trans. Err | ‘ FVD |
CogVideo-2B (Weaker) |2.37 /1.74 049 /0.33 |121.1 /95.7 .
CogVideo-5B (Stronger) | 2.01 / 1.21  0.37 / 0.27 | 104.8 / 75.9
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Fig.11: Failure case under large motion. When the inter-frame motion is large,
severe artifacts emerge.

(2B) and a stronger (5B) model [96]. Notably, larger backbones benefit even
more from our design (e.g., Rot. Err 2.01—1.21; FVD 104.8 —75.9), demon-
strating favorable scalability with model size. These results confirm that our
framework is backbone-agnostic and can be seamlessly integrated into diffusion
video models of varying scales.

User Study. Beyond objective metrics, we conduct a user study to assess per-
ceptual video quality and controllability (Fig. 10). Participants evaluate four
aspects: (1) Camera Consistency, (2) Smoothness, (3) Visual Quality, and (4)
Semantic Consistency. As shown in Fig. 10, our method consistently outper-
forms all baselines in both image-to-video and text-to-video settings. Notably,
improvements are most significant in camera consistency and semantic align-
ment, validating the effectiveness of our geometry-aware control design.

4.4 Discussion and Limitations

While our method performs strongly, we identify three limitations that suggest
potential directions for future improvement. We discuss them below with the
aim

Large Motion. Our method suffers from issues related to large motion, which
is a common challenge in video generation tasks. Other methods use NVS to
resolve ambiguities and mitigate flickering in video generation [17,49,64,90,98].
However, despite our advancements, large motion still presents a difficulty in
stable and coherent end-to-end video generation (Fig. 11).
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Model Capacity and Parameter Efficiency. Although our dual-branch architec-
ture inherently increases the overall parameter count by duplicating the back-
bone for separate RGB and depth processing, our final model size (2.7B) remains
comparable to prior designs [23,101] (e.g., CameraCtrl at 2.4B). This efficiency
is primarily attributed to the compact nature of the underlying WANV2.1 foun-
dation model (1.3B). While deploying two parallel branches is acceptable and
yie.lds clear p.erformanct.e ad.vantages at  muple 7 Comparison of model capac-
this scale, this full duplication may be- ity, trainable parameters, and inference
come less favorable when scaling to sub-  jatency. All are tested on a 14 x 576 x 320
stantially larger video diffusion mod- shape.

els. A promising future direction is to
develop more parameter-efficient depth

Method Total Params. Latency

guidance, for instance, by distilling a ~ CameraCtrl 2.4B 40s
lightweight depth branch that can ef- SEVA 1.5B >2min
fectively condition the RGB pathway  Owurs 2.7B 49s

while keeping the overall model foot-
print minimal.

5 Conclusion

We presented DualCamCtrl, a dual-branch video diffusion model that integrates
depth for more accurate camera-controlled video generation. By introducing
the SemantIc Guided Mutual Alignment (SIGMA) mechanism and a two-stage
training process, DualCamCtrl effectively synchronizes RGB and depth se-
quences, improving geometry awareness. Our experiments show over 40% reduc-
tion in rotation errors compared to previous methods, offering new insights into
camera-controlled video generation and hopefully benefiting other video gener-
ation tasks.
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