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Fig.1: We introduce a DINO based ControlNet for 12V diffusion models and apply
it to video-to-video and video-from-3D tasks. It allows using dense DINOv3 features
for structural and semantic guidance, in the image we show by row: (1) Style transfer
on first frame propagated to later timesteps; (2) video-from-3D obtained by using only
the voxel as conditioning with no first frame and with first frame conditioning; (3)
VKITTI weather transfer where the first frame is obtained with FLUX.1 KREA [21].

Abstract. Video diffusion models have recently been applied with suc-
cess to problems in content generation, novel view synthesis, and, more
broadly, world simulation. Many applications in generation and transfer
rely on conditioning these models, typically through perceptual, geo-
metric, or simple semantic signals, fundamentally using them as gener-
ative renderers. At the same time, high-dimensional features obtained
from large-scale self-supervised learning on images or point clouds are
increasingly used as a general-purpose interface for vision models. The
connection between the two has been explored for subject specific edit-
ing, aligning and training video diffusion models, but not in the role of a
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dense conditioning signal for pretrained video diffusion models. Features
obtained through self-supervised learning like DINOv3, contain a lot of
entangled information about style, lighting and semantics of the scene.
This makes them great at reconstruction tasks but limits their gener-
ative capabilities. In this paper, we show how we can use the features
for tasks such as video domain transfer and video-from-3D generation.
We introduce a lightweight control architecture and training strategy
that decouples appearance from other features that we wish to preserve,
enabling robust control for appearance changes such as stylization and
relighting. Furthermore, we show that low spatial resolution can be com-
pensated by higher feature dimensionality, improving controllability in
generative rendering from explicit spatial representations.

1 Introduction

Generative video models have advanced rapidly and now serve as strong foun-
dations for editing, stylization, simulation, and world modeling [27,30,40,52]. In
many practical scenarios, we are not generating from scratch: we already have
partial information about the scene, such as a reference video, sparse views,
or 3D geometry, and we want generation to preserve this structure while still
allowing controlled variation.

Most current control pipelines rely on low-level geometric or perceptual in-
puts, including edges, depth maps, colored points, pose skeletons and semantic
masks [26,27]. These controls are often effective, but each captures only a nar-
row aspect of scene structure, and different tasks tend to require diverse control
types. This fragmentation makes it difficult to build a unified conditioning inter-
face that transfers cleanly across tasks like video restyling, video-from-3D, and
long-horizon view synthesis.

At the same time, universal self-supervised features such as DINO [4] are
increasingly used as a common interface across vision models. Trained on large
scale 2D and 3D data, these high-dimensional features encode semantics, geom-
etry, and appearance while having some invariance to lighting thanks to the pre-
training augmentations. They achieve strong performance in downstream tasks
and have also shown promise as latent spaces for prediction [1,52] or comple-
tion [15]. This makes them an attractive candidate for conditioning video dif-
fusion models with richer and more reusable control signals than traditional
low-level inputs. However, feature conditioning is not straightforward. The same
expressivity that makes foundation features useful also makes them difficult to
tame: appearance, geometry and other properties are often entangled, making
the process challenging to generalize, especially when training data is limited
(Fig. 2). Recent work has shown promising subject-specific video transfer with
DINO features [13], but robust general-purpose conditioning remains underex-
plored.

We study DINO-based conditioning for video diffusion in a unified setting
that spans both 2D and 3D feature sources. To extract structural guidance, the
key idea is to use features of the original video as conditioning but train the
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diffusion model to denoise appearance-augmented versions of the same scene.
Because the same features correspond to multiple appearances, the model learns
to rely on spatial and semantic information rather than reproducing appear-
ance cues. We further observe that low-spatial-resolution but high-dimensional
features can provide robust control and similarly enable us to bridge 3D mesh
renderings or other spatial representations to real videos.

Our contributions are as follows:

— We introduce a general-purpose DINO-conditioned ControlNet for video dif-
fusion that retains structural and semantic guidance while decoupling ap-
pearance from the conditioning signal.

— We apply the ControlNet to video transfer and video-from-3D tasks showing
its versatility and robustness.

— We demonstrate new applications such as rendering low-resolution 3D voxel
structures and connecting foundational 3D models to video diffusion.

2 Related Work

Controllable diffusion via spatial conditioning. Modern generative video mod-
els [2, 12] perform denoising in the latent space of a variational autoencoder,
either with UNets or more recently diffusion transformers [33, 41, 44]. Within
this paradigm, controllable generation is commonly achieved by injecting aux-
iliary signals into the denoising network interleaved between the transformer
blocks. ControlNet [49] introduced a widely adopted design in which a train-
able copy of the encoder injects residuals into the frozen generator via zero-
initialized convolutions. Lighter-weight variants such as T2I-Adapter [28] and
IP-Adapter [45] offer more parameter-efficient or reference-based alternatives.
Several works extend spatial conditioning to video by adapting image-level con-
trol architectures to temporal backbones [5,11,16,22,23], while alternative de-
signs such as FullDiT [17] tokenize all conditions for joint self-attention at the
cost of full retraining. To date, these methods have predominantly been applied
with geometric signals (edges, depth, pose), yet foundation model features re-
main underexplored as conditioning inputs. Recent methods that generate videos
from 3D representations [18] also rely on edge conditioning for structure transfer.
For single image domain transfer, a discriminator can also be adopted to finetune
the model and decoder to generate samples closer to the target domain [32]. For
a broader overview of controllable video generation, see [26].

Self-supervised features for generation. Self-supervised vision models such as DI-
NOv2 [31] learn patch-level representations that capture object semantics and
support tasks from segmentation to depth estimation, all from a single frozen
backbone. DINOv3 [35] scales this family to denser features that preserve fine-
grained local structure across model sizes. Multiple studies observe that self-
supervised and diffusion features capture complementary information: the for-
mer provide high-level semantic structure, while the latter encode dense spatial
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Input image (t=0)

Condition (T/2)

Fig. 2: Naively training a ControlNet on top of an Image-to-Video model leaves DINO
features prone to overfitting. We isolate the conditioning effect by dropping the first-
frame conditioning, relying solely on the text embedding. With the prompt set to
"blue", our method significantly reduces the ControlNet’s bias toward the training
data.

coherence [25,37,39,48]. This motivates conditioning diffusion models on foun-
dation features to supply semantic guidance beyond what the generation process
captures on its own. REPA [47] further shows that frozen DINOv2 features align
with internal DiT representations, though as a training regularizer rather than
an explicit conditioning signal. Directly conditioning on such features was first
explored by Bordes et al. [3] using global DINO embeddings via FiLM [34] mod-
ulation. Graikos et al. [10] scale this to local, domain-specific SSL embeddings
with cross-attention for large-image generation in medical and remote-sensing
domains. AnyDoor [6] injects DINOv2 patch tokens into a pretrained backbone
for object identity, yet like the preceding works, targets images and not scene-
level spatial control. Self-supervised representations have also been extended to
3D, with methods such as Concerto [51] and Sonata [43] learning dense, multi-
view consistent descriptors from point clouds that remain close to DINO-style
embeddings. We leverage this property by rendering such 3D features into 2D
conditioning maps for our video diffusion adapter.

Foundation features for video. Recent work has begun to explore foundation
features as conditioning signals for video generation and editing. CAGE [9] in-
troduces a video model trained jointly with sparse DINOv2 patches to enable
conditioning for unsupervised scene composition and object animation on syn-
thetic scenes. DIVE [13] leverages DINOv2 features as implicit motion corre-
spondences for subject-driven video editing through per-video MLP optimiza-
tion, targeting appearance transfer rather than scene-level spatial control. Con-
current to our work, Driving with DINO (DwD) [7] injects DINOv3 features
through a ControlNet-style branch into a frozen video backbone for sim-to-real
driving video translation, introducing PCA-based spectral pruning tailored to
its synthetic-to-real setting. However, none of these works targets dense foun-
dation feature conditioning for different types of video transfer and rendering
operations. We explore this direction with a ControlNet-style adapter that op-
erates on spatially dense features without per-video optimization, and evaluate
it across video transfer and 3D-guided video generation.
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Fig. 3: (Left) During training, DINOv3 features from the original video condition
the trainable Control-DINO branch, while the frozen backbone denoises appearance-
augmented latents of the same scene. (Right) At inference, conditioning features (2D
or 3D-rendered) guide generation through Control-DINO. A transferred first frame sets
the target appearance.

3 Method

The goal of our model is to condition video diffusion on dense features while
making their control practical (Fig. 3). We achieve this by injecting foundation
features into a frozen video transformer backbone through a ControlNet-style
residual adapter (Sec. 3.1). We train on paired augmented data where the con-
ditioning features come from the original video but the denoising target is a
structurally similar version of the same scene, enabling the adapter to rely on ge-
ometry and semantics alone (Sec. 3.2). A property of feature-level conditioning is
that it operates at low spatial resolution but high channel dimensionality, which
means the same interface naturally extends to coarse 3D representations where
pixel-level detail is unavailable. Since conditioned video models are increasingly
used for video-from-3D generation [18], we describe how features can be obtained
from 3D data and used as conditioning inputs to our adapter (Sec. 3.3).

3.1 Diffusion and Conditioning

Let z1.7 denote an RGB video and zy.r its latent representation under the video
VAE encoder. We follow the standard diffusion formulation:

2 = 2o + O, e~N(0,1), (1)

where t denotes the diffusion timestep and subscript ranges 1:7" index video
frames.

The denoiser vy, a video transformer, is trained to predict the velocity v; =
e — 029 by minimizing £ = E., . [||v; — ve(z,t, ¢)||3], where ¢ denotes condi-
tioning. We consider per-frame conditioning signals ¢1.7 (edges, depth, semantic
maps, or feature maps) pixel aligned with the output frames. Conditioning sig-
nals that are encoded with the video VAE (e.g., depth or edges) match the
latent-space temporal resolution directly, while signals that bypass the VAE are
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rescaled spatially and temporally. With the spatial resolution adapted, we use
a temporal adapter with the same causal architecture as the video encoder to
map the conditioning temporal length.

We condition the video diffusion model by injecting residual connections from
the output of the transformer block into its first 16 layers. This stream concate-
nates the noisy latent with the conditioning features along the feature dimension

and processes them with a copy of the transformer block(Z) at each layer Zéig ht,

yielding the conditioning hidden states h{. The projections Zéig "t are zero initial-
ized. We optionally modulate each injection by a mask M € [0, 1]9°*%° broadcast
over the feature dimension, where M = 1 recovers the unmasked case; M can
encode, for example, per-pixel visibility obtained by rendering geometry.

hosr = Zo(he) + M @ 209" (hy-¢),  £=1,...,L. (2)

Here hyy is the current hidden state being denoised.

3.2 Feature Conditioning

A side effect of DINO features encoding rich appearance information is that
structural signals can be entangled with color, texture, and style. We therefore
aim for the ControlNet to faithfully follow the spatial structure depicted in the
conditioning features while remaining agnostic to the visual style of the source,
enabling domain transfer applications.

We extract dense patch-level features from a frozen DINOv3 vision encoder
D applied to each frame of the source video. For z1.p € RTX3XHXW e obtain
per-frame feature maps

F; = D(x;) € R¥®X60X0 0y — 1 T, (3)

for patch size 16. To align conditioning with the video diffusion latent grid, we
bicubic-upsample each input frame before DINO encoding so that D operates at
the transformer latent spatial scale, which coincides with the latent resolution
of the video model’s VAE. These feature maps serve as the conditioning signal
¢ = A(Fy.r) for the ControlNet adapter described in Sec. 3.1, where A is the
temporal adapter.

Training with augmentation. To force style-invariant conditioning, we construct
training pairs (F1.7, 21.7), where Fy.p are DINO features from the original video
and Z;.r are VAE latents of an appearance-augmented version of the same
scene. We train with £ = E., [||vt —vg(zt,t,FlzT)H%], where 2; is obtained
from Zj.p using the forward diffusion process in Sec. 3.1. During training we
employ a hierarchy of augmentation strategies at varying levels of severity to
mimic appearance changes expected at test time: (i) photometric augmentations
(hue, grayscale, saturation, brightness, contrast, gamma, etc.) applied uniformly
across frames; (ii) five GAN-based neural style transfer methods (cartoon, anime,
etc.) [8,38]; and (iii) small blur to simulate quality degradations. During train-
ing, we sample from a mixture uniformly distributed among real data and these
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three augmentation groups, all paired with features extracted from the original
unstylized video. At inference, we apply a more generic transfer function only to
the first frame while conditioning on features from the original source domain
(real or rendered) [42,50]. As long as the first-frame transfer preserves structure
and semantics, the model can follow the target appearance consistently over
time. Because the same features correspond to multiple appearances, the model
learns to rely on spatial and semantic information rather than appearance cues
in the features. We compare this strategy against PCA-based feature projection
in Sec. 4.6.

3.3 3D Feature Conditioning

Although DINO features are extracted on coarse patch grids, each token is high-
dimensional and semantically rich, such that an h x w grid with C=384 channels
(here 60 x 90) preserves object identity, part-level layout, and scene semantics
even when fine pixel detail is absent. This makes the features complementary to
geometry controls: geometry anchors where content appears, while DINO chan-
nels encode what it is and how regions relate semantically. We therefore align
both signals at the same low spatial resolution and condition on them jointly.
In our method the geometric prior is a voxel grid, which is stable across views
and time: voxel geometry enforces camera-consistent structure while DINO fea-
tures stabilize subject and background semantics. Because both inputs are low-
resolution and high-level, conditioning remains inexpensive while still guiding
temporally coherent generation. High-resolution geometry is not required, and
low-resolution voxel cues from LiDAR reconstructions or occupancy prediction
models suffice.

DINO-like features from uncolored geometry. Importantly, useful feature priors
do not require RGB textures at inference time. Recent 2D-3D self-supervised
methods, such as Concerto [51], can produce dense geometric descriptors from
uncolored geometry like point clouds that remain close to DINO-style semantic
embeddings after projection. We therefore treat these geometry-derived descrip-
tors as a drop-in conditioning signal: they can be rendered to the target view,
projected to the ControlNet token grid, and fused with standard controls ex-
actly as in Fig. 5. This enables controllable generation in settings where only
geometry is available, while retaining semantic consistency typically associated
with appearance-based foundation features.

4 Experiments

4.1 Datasets

Our work combines video diffusion conditioning from both 2D and 3D represen-
tations, with a focus on generative rendering. To emphasize generation quality
and cross-dataset generalization, we train on DL3DV [24] and evaluate primarily
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Fig. 4: We show here results for DINO stylization and dramatic light changes (GT
Frame is in the bottom left of the image). Our method is able to strongly retain the
original geometry and semantics while allowing for appearance and color to change.
For brevity, Canny refers to Wan 2.2 Fun Canny and Depth to Wan 2.2 Fun Depth.

ScanNet++ Scene (09¢1414f1b / 0d2ee665be)

Fig. 5: 3D structure visualization. Top: RGB voxels. Bottom: mesh renderings.

on Tanks and Temples (T&T) [19], which provides longer and smoother camera
trajectories. From these trajectories we sample two evaluation settings, stride 8
and stride 16. For Table 3, we also report results on DL3DV140 [24]. In total,
we train on about 4.5M unique frames and evaluate on 10k unique frames. The
larger camera motion in Tanks and Temples stresses both generative quality and
conditioning robustness. For 3D rendering experiments, we fine-tune the same
base model on ScanNet+-+ [46] and evaluate on parts of its official validation
split. On ScanNet+-+, we sample training clips at stride 1, yielding nearly 8k
clips, and evaluate video-from-3D pipelines that construct DINO and DINO-like
conditioning features from explicit 3D geometry (Table 4).

4.2 Model Details

We implement our approach on CogVideoX-5B-12V [44] with residual connec-
tions [49] into the first L=16 transformer blocks, using dense DINOv3-ViT-S/16
patch features as input. These features are bicubically upscaled by a factor of 2
and then encoded. To align the latent space dimension to the one of the hidden
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Table 1: Quantitative comparison on T&T Appearance Augmented. All models are
trained on DL3DV and evaluated on T&T (for two frame sampling strides) with a
combination of 15 lighting or stylistic variations per scene different from the training
data. Overall our method produces the most 3D consistent videos, especially for longer
camera trajectories, while maintaining a competitive CLIP similarity with the first
frame in the sequence. Our same model but trained only on real data performs much
worse in style following.

Tanks and Temples - Out of domain - Transfer

Consistency Video Quality (VBench) CLIP Similarity COLMAP
Method Subject 1 Background 1 Motion Smoothness 1 Aesthetic 1 Imaging T CLIP Sim. T Registration 1
Stride = 8
‘Wan 2.2 Fun Depth [41] = 0.8853 0.8916 0.9421 0.5388 0.6880 0.4626 0.8430
Wan 2.2 Fun Canny [41]  0.8778 0.8848 0.9599 0.5325 0.7568 0.5020 0.9770
AnyV2V [20] 0.8124 0.8818 0.9258 0.5390 0.6590 0.4875 0.5470
Control-DINO Real Only 0.8767 0.8465 0.9680 0.5533 0.7372 0.4408 0.8840
“ontrol-DINO 0.8913 0.9060 0.9640 0.5610 0.7146 0.4717 0.9530
Stride = 16
Wan 2.2 Fun Depth [41]  0.8222 0.8527 0.9410 0.5044 0.6497 0.4804 0.4956
Wan 2.2 Fun Canny [41]  0.8226 0.8512 0.9357 0.5104 0.7235 0.4630 0.5918
AnyV2V [20] 0.7621 0.8579 0.9162 0.5072 0.6299 0.4864 0.1875
Control-DINO Real Only | 0.8544 0.8906 0.9396 0.5485 0.6908 0.4406 0.9911
Control-DINO 0.8461 0.8862 0.9361 0.5508 0.7109 0.4707 0.9932

Table 2: We compare against the only publicly available segmentation ControlNet.
Our method produces competitive results, especially under larger camera motions, even
against models larger in scale, training data, and architecture.

Tanks and Temples - Out of domain - Transfer

Consistency Video Quality (VBench) CLIP Similarity Coverage
Method Subject T Background 1 Motion Smoothness 1 Aesthetic T Imaging T CLIP Sim. T RegRate 1
Cosmos-Segmentation [29] (S=8) | 0.9128 0.9191 0.9678 0.4987 0.6666 0.7306 0.9374
Control-DINO (S=8) 0.8913 0.9060 0.9640 0.5610 0.7146 0.4717 0.9530
Cosmos-Segmentation [29] (S=16) 0.8315 0.8958 0.9475 0.4547 0.6190 0.7147 0.7755
Control-DINO (S=16) 0.8461 0.8862 0.9361 0.5508 0.7109 0.4707 0.9932

Table 3: We illustrate the tradeoff between structural control signals and generation
determinism, by analyzing how different seeds affect generation. Features jointly encode
geometry and appearance, constraining the output more than other signals.

DL3DV140 - In domain - Real

Method

Reconstruction Video Quality (VBench)
FID | Latent Var. CLIP Var. mIOU 1 Flickering 1 Aesthetic 1 Imaging 1

Wan 2.2 Depth [41] 47.98  0.5115 0.0151 | 0.0362 0.9192 0.4343 0.5469
Wan 2.2 Canny [41] 37.65  0.4787 0.0150  0.0322 0.9154 0.4496 0.6169

Control-DINO

20.23| 0.1944 0.0051 | 0.2992 0.9208 0.5133 0.6283

state. The temporal adapter A is composed of two causal Conv3D layers that
temporally compress the sequence from 49 to 13 frames, matching the VAE latent
temporal resolution (and architecture) and the result is concatenated channel-
wise with the VAE latents before being fed into the conditioning branch. We set
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Table 4: Video-from-3D comparison on ScanNet++. We evaluate geometry-driven
3D-derived conditioning methods. We compare quantitative results for image-space
baselines (Wan and 2D Control-DINO) and report results for 3D-derived methods.

ScanNet++ - In domain - Video-from-3D

Reconstruction Video Quality (VBench)
Method PSNR 1 SSIM 1 LPIPS | FID | Subject T Background 1 Flickering + Motion Smooth 1 Aesthetic 1 Imaging 1
Image-space baselines
Wan 2.2 Depth [41] 18.23  0.7237 0.2782 92.1072 0.9027 0.9234 0.9680 0.9881 0.4111 0.5714
Wan 2.2 Canny [41] 19.82  0.7968 0.1987 72.1929 0.9001 0.9251 0.9590 0.9894 0.4100 0.6625
Control-DINO from 2D (reference) [ '27.93  0.9084 0.0963 38.5853 0.9183 0.9256 0.9662 0.9931 0.4187 0.5821
3D-derived methods (ours)
Control-DINO from Mesh 21.41 0.8010 0.1807 67.1730 0.9145 0.9242 0.9647 0.9919 0.4198 0.5852
Control-DINO from Voxel 22.80 0.8153 0.1572 65.3810 0.9216 0.9293 0.9658 0.9928 0.4188 0.5979
Control-DINO Concerto 21.19  0.7805 0.1752 67.9680 0.9195 0.9263 0.9638 0.9926 0.4200 0.6120
Control-DINO Concerto (inpainted) 19.66 0.7542 0.2060 78.8411 0.9122 0.9267 0.9635 0.9917 0.4184 0.6326

the hidden dimension of the conditioning branch to 256 to further reduce the
risk of overfitting. Zero-initialized output projections inject additive residuals
at each layer of the base CogVideoX transformer, ensuring stable training from
initialization. At inference time, we scale the conditioning residuals by 0.8.

We train the temporal adapter and lightweight transformer blocks from
scratch with AdamW (3;=0.9, 3,=0.95) at a peak learning rate of 2x10~* with
cosine annealing and 500 warmup steps, a batch size of 8, and gradient clipping
at 1.0. We apply conditioning dropout during training, setting the condition-
ing input to zero with probability 0.1. In the supplemental we show results for
different video models.

4.3 Metrics

For the main benchmark on out-of-domain evaluation (Table 1) we assess video
quality using VBench [14], reporting consistency, motion and imaging scores
but also measure 3D consistency through COLMAP-based reconstruction errors
and registration success rate. We also quantify style transfer fidelity via CLIP
style similarity with the first frame image. On the validation split of the train-
ing set (Table 3) we additionally evaluate model generalizability by looking at
the distribution of the output latent space and features. For video-from-3D, we
additionally report standard reconstruction metrics (Table 4).

4.4 Baselines

Our main baselines use alternative conditioning signals on image-to-video diffu-
sion models with similar architecture and scale. We use the official Wan2.2-Fun-
5B-Control (I2V) checkpoints with Canny-edge and depth conditioning [41]. We
also compare against the publicly available semantic ControlNet from Cosmos-
Transfer-2.5 [29], while noting that Cosmos base model and ControlNet are sub-
stantially larger models. For domain transfer, our setup is closest to AnyV2V [20],
which uses DDIM-inverted latents [36] for appearance transfer during diffusion.
For first-frame appearance transfer baselines, we use IC-Light for relighting [50],



Table 5: We measure feature disentan-
glement of different projection strategies,
measuring cosine similarity as agreement
between real and stylized scene features
after projection, and retained feature vari-
ance. The metrics are computed from sam-
ples of the training dataset.
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Table 6: We ablate our architectural de-
sign choices on DL3DV140. We observe
that retaining the raw high-dimensional
features outperform PCA-projected or
tail-dropped variants, and that removing
the spatial mixing step substantially de-
grades quality.

Architectural ablation on
DL3DV140.

FID | Subj. Cons. 1 BG Cons. 1 Aesthetic 1 Imaging 1

Control-DINO TL.67 0.959 0.955 0.504 0.542
w/o Spatial Mixing 177.80 0.919 0.933 0.474 0.495
w/ Style-Invariant PCA 89.14 0.940 0.940 0.479 0.524
w/ Tail Drop (k—64) 108.87 0.918 0.920 0.459 0.494
w/ Tail Drop (k=8) 156.67 0.845 0.908 0.468 0.490

Projection basis disentanglement

Method

Cosine Similarity T Explained Variance (%) 1
0.9194 100.0

No projection (384-d)
Sim2Real reference (DwD [7])
Standard PCA
Style-Tnvariant PCA

Bottom Eigenvectors
Random Orthogonal

Method

0.9598 -

0.9110 725
0.9481 30.4
0.9929 2.9
0.9226 16.7

InstantStyle for style transfer [42] picking 10 styles from the default ones, and
five additional cartoon neural styles that were excluded from training.

4.5 Experiments and Results

Representation and transfer We evaluate representation-level conditioning
for long-horizon transfer on the out-of-domain Tanks and Temples benchmark.
Quantitative results in Table 1 and Table 2 show that DINO-based conditioning
provides strong and stable guidance under large camera motion, with improved
temporal and structural consistency across both settings. As also illustrated in
Fig. 9, our method has lower generative flexibility than weaker controls, but this
is compensated by substantially higher output quality and consistency. Camera
control is stronger because the model can offload part of the generative burden
to the base diffusion prior, allowing the diffusion pathway to focus on finer
structural details (Fig. 4).

Our appearance-decoupled training makes this representation practical for
transfer: the same conditioning interface supports RGB-to-stylized transfer and
geometry-driven transfer (e.g., mesh-to-real), as discussed in Sec. 3.3. Qualita-
tive examples are shown in Fig. 7 and Fig. 9, with additional results in Fig. 8.
We observe particularly strong relighting behavior, consistent with the built-in
invariances of DINO features and the pixel-aligned geometric constraints of the
task.

Video-from-3D We evaluate three 3D-to-video conditioning pipelines that all
use a ControlNet branch driven by DINO-like feature maps. For the mesh set-
ting, we render untextured meshes from target camera trajectories, upscale the
rendered views, and extract DINOv3-S features as conditioning maps with shape
384 x 60 x 90. Because mesh renderings contain holes and missing regions, we
additionally encode a binary visibility mask with the CogVideoX VAE and pro-
vide it as an auxiliary conditioning signal, so the diffusion model can explicitly
inpaint invalid regions instead of overfitting to artifacts.
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ScanNet+-+ Scene (09c¢1414f1b)

Concerto
Voxel Mesh Concerto inpainted

ScanNet-+-+ Scene (0d2ee665be)
Concerto
Voxel Mesh Concerto inpainted

Fig. 6: Qualitative comparison of Control-DINO conditioning methods at matched
time steps for ScanNet+-+. We show generated outputs at t=35 and t=49 for 2D, Vozxel,
Concerto, and Mesh conditioning. In the bottom row t=0, we show the conditioning
DINO feature signal for each method, while the GT frame at =0 is the given starting
frame.

For the voxel setting, we investigate whether low-resolution geometry with
color cues is sufficient. Starting from an input video sequence, we reconstruct
geometry from a dense point cloud and associate DINO-encoded image features
to 3D points, then voxelize this feature-augmented point cloud. The resulting
voxel grid is rendered back to the target views to produce DINO-like conditioning
maps; as in the mesh case, we propagate hole masks so the model can ignore
unobserved areas during denoising, visualized in Fig. 5.

Regarding video-from-3D, for Concerto-based conditioning we target the
realistic case where only sparse geometry is available and RGB coverage is lim-
ited to one input view. We extract Concerto point-cloud descriptors, voxelize
them, and render Concerto feature maps as the control signal. This setup allows
generation from sparse, color-free 3D observations while preserving semantic
consistency. Quantitative comparisons are reported in Table 4, and qualitative
conditioning examples are shown in Fig. 6.
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Canny C-DINO GT

Depth

Fig. 7: We evaluate different methods on a reconstruction task on the DL3DV dataset,
featuring high-frequency geometry such as foliage and books. We have found that our
method tends to replicate the input more accurately, despite color and lighting shifts
caused by the augmentation.

Francis
Drawing

Horse
Studio

Court
Mondrian
Train
Arcane

Fig. 8: Additional 2D transfer results on T&T scenes with different validation styles.

For image-based conditioning, our 2D Control-DINO reference outperforms
state-of-the-art depth- and edge-conditioned baselines (notably Wan2.2) by a
large margin in reconstruction quality; our 3D-derived variants remain com-
petitive with these baselines while operating in a different application setting.
Control-DINO performs best when full color information is available, consis-
tent with the 2D setting where appearance cues are strong. Variants based on
untextured geometry show lower reconstruction quality, as expected: missing
appearance reduces feature fidelity and weakens structural disambiguation, and
sparse 3D observations leave holes that carry no conditioning signal.

Concerto-based conditioning is reported in two regimes (Table 4): with color
(Concerto) and without color (Concerto inpainted, the uncolored point-cloud
setting). Despite the stronger input sparsity, the color-free Concerto setup still
provides usable appearance priors and enables plausible scene generation, high-
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Barn Bear Horse

Light-a-Video Input frame

Control-DINO

Fig. 9: We show intermediate frames for a relighting task compared to Light-a-Video
[53] that applies the same transfer function (IC-Light) to all (key)frames as guidance,
while we just apply it to the first frame. We obtain similar results qualitatively and in
particular observe high similarity when evaluating on the Light-a-Video dataset, this
is because both methods share the same frozen backbone.

lighting its practical value for generation-focused use-cases rather than strict
reconstruction.

4.6 Ablations

We first ablate the effect of training data composition (real-only vs. mixed
real+augmented). As shown in Table 1, mixing data can slightly reduce gen-
eration quality, while improving transfer fidelity.

We ablate the feature conditioning against two PCA decomposition strategies
(Table 6): (1) Given paired real and stylized DINOv3 features frea and fsgyie, we
compute difference vectors d = freal — fstyle, perform eigendecomposition on their
covariance S = (1/M)DT D to obtain the top-K style directions V}, project them
out via P =1 — VkaT, then run standard PCA on the cleaned features P fical
to extract the top-D structure directions as our final projection basis; (2) A tail
dropping strategy described in [13] where we first compute a 64-component PCA
basis during training, then randomly retain only the first & components with k €
{8,16,32,64}. At inference, we ablate against k = 8 and k = 64. As can be seen
in Table 5, PCA decomposition, in part because of the already small DINO model
we are using, is quite disruptive of the information signal. Even when computing
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a style invariant decomposition with paired data the amount of information
explained remains below 40%, which indicates substantial information loss.

We consider the necessity of spatially mixing the signal with the hidden state
in a transformer block by replacing it with a simple linear projection directly
into the residual (similar to [13]), we have found that the quality of the images
remains quite high but the model has difficulty following the conditioning under
large camera motion.

5 Discussion

We introduced a DINO-based conditioning mechanism for video diffusion. Dense
self-supervised features provide robust structural control while allowing flexi-
ble appearance variation and feature-space resampling at generation time. The
same interface spans 2D transfer (stylization, relighting) and 3D-guided gener-
ation from meshes, voxels, and point clouds. This is not without limitations,
as appearance and semantics are not always perfectly disentangled: the model
occasionally leaks source appearance, particularly for styles far from the train-
ing distribution. Lower guidance mitigates this, but we report all results at a
fixed guidance scale for fairness; Table 3 reports the control to diversity behavior
across scales. More broadly, using high-dimensional features as conditioning en-
tails a trade-off with generative flexibility: stronger control restricts the diversity
of plausible outputs. For 3D-derived conditioning, generation quality addition-
ally depends on the fidelity of the underlying reconstruction and on how well the
projected features approximate the distribution of 2D DINO features the model
was trained on.

We believe that learning spatial weighting of the conditioning signal, as well
as extending to other foundation feature spaces, could further improve the bal-
ance between control and generation quality. We release source code and weights
for the community to build upon.
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