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Abstract. Driven by next-token prediction, NLP shifted from task-
specific models into powerful generalist foundation models. What, then,
is the equivalent catalyst needed to achieve a general-purpose model
in computer vision? In this paper, we contend that large-scale text-to-
video generation serves as a strong pre-training paradigm for computer
vision, providing the necessary spatiotemporal priors, vision-language
alignment, and scalability required for general visual intelligence. We
introduce GenCeption, which leverages a pre-trained video generative
diffusion backbone to define a feed-forward perception model, capable
of performing various vision tasks steered by text instructions. Empir-
ical results demonstrate that GenCeption achieves state-of-the-art per-
formance across a diverse suite of tasks, including depth, surface nor-
mal, and camera pose estimation, expression-referring segmentation, and
3D keypoint prediction, often matching or surpassing specialized mod-
els (e.g., DepthAnything V3, SegmentAnything V3). Furthermore, the
video generative pretrained backbone outperforms alternative pretrain-
ing paradigms (e.g., V-JEPA, and Video MAE) under comparable set-
tings. Importantly, GenCeption exhibits preliminary data and model
scaling properties along with exceptional data efficiency where it achieves
comparable performance with leading models like D4RT and VGGT-Ω
with 7× to 500× less training data. Finally, GenCeption also exhibits
intriguing emergent behaviors: a model trained exclusively on synthetic
human videos generalizes to real-world footage and out-of-distribution
object categories (e.g., animals and robots). These findings suggest that
video generation is not merely a synthesis tool, but a foundational path
toward generalist vision intelligence for the physical world.

1 Introduction

Natural language processing (NLP) evolved from an era of specialized mod-
els—where separate models were developed for each language task (e.g. transla-
tion, summarization)—to a singular, unified foundation model paradigm. This
paradigm, supported by large-scale next-token prediction pre-training followed
by task-aligned post-training, has effectively collapsed thousands of disparate
linguistic challenges into a single generalist intelligence, ultimately unlocking
emerging behaviors such as chain-of-thought and in-context learning.

∗Work done while at Google DeepMind.
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Fig. 1: Methdology (Left): GenCeption treats a video generative diffusion model
as a pre-training base to capture rich spatio-temporal world priors and native vision-
language alignment at scale. During multi-task post-training, the model is adapted
to feed-forward model fine-tuned on predominantly synthetic data to handle diverse
perception tasks. GenCeption shows strong performance with intriguing Emerging Be-
haviors, enabling seamless sim-to-real transfer and generalization to out-of-distribution
object categories. Paradigm Shift (Right): This highlights a paradigm shift from spe-
cialized task-specific computer vision models, to fully unified generalist vision models.

In stark contrast, computer vision is still lingering in its "specialized model"
stage. While recent years have yielded powerful foundation models such as Seg-
ment Anything series [36, 54] for localization or Depth Anything series [74] for
geometry, these remain fundamentally task-specific models that need customized
architectures for each task. We have mastered specialized perception, but we
have yet to realize a unified vision foundation model—a unified task-agnostic
architecture that mirrors LLMs from general pre-training to versatile, emerging
intelligence. We posit that the quest for a generalist vision model is essentially
a search for a universal pre-training objective—a visual analog to next-token
prediction. Such a pre-training paradigm should satisfy three core imperatives:

1) Spatio-Temporal Evolution: The world is a 4D continuum. The pre-training
objective should force the model to internalize the 4D temporal causality
and physics of a world in motion.

2) Vision-Language Alignment : To inherit the instruction-following capabilities
and common-sense knowledge of language models, visual features should be
natively aligned with linguistic semantics during both pre-training and post-
training stages.

3) Scaled up: The paradigm should be scaled in both data and compute, ulti-
mately enabling the emergence of vision intelligence.

In this paper, we demonstrate that large-scale text-to-video generation serves
as this pivotal pre-training paradigm, uniquely satisfying all three requirements,
compared to prior vision pretraining methods (e.g. contrastive learning, masked
autoencoder). First, the objective of generating high-fidelity video sequences
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Fig. 2: Generalist Capability (Left): GenCeption achieves competitive performance,
matching or outperforming state-of-the-art models dedicated to individual tasks (e.g.
DepthAnything3 [41], SAM3 [11], Sapiens [33], David [57], Genmo [38], Lotus-2 [22]).
Data Efficiency in Finetuning (Right): Validated on depth estimation, the video
generative pretrained backbone (i) outperforms the largest available variants alterna-
tive pretraining paradigms (e.g., V-JEPA, and VideoMAE V2) under the same finetun-
ing data. (ii) exhibits preliminary scaling properties, where the performance improves
with more data and large model size; (iii) shows exceptional data efficiency, achieving
comparable performance with leading models like D4RT [79] and VGGT-Ω [65] with
7× to 500× less training data.

forces a model to internalize the spatio-temporal world priors, including 3D
geometry, object permanence, and physical interactions. Second, as these models
are natively conditioned on text, they provide the necessary vision-language
alignment. Finally, modern text-to-video generation models have been scaled
using massive datasets and compute due to their commercial value and relatively
low annotation cost, providing a direct path toward emergent behaviors.

We introduce GenCeption, a generalist video perception model that instan-
tiate this paradigm. As illustrated in Figure 1, we treat the pre-trained video
diffusion backbone as our "base model", leveraging the rich priors learned dur-
ing generative pre-training. We then apply the post-training phase, where we
fine-tune the model across diverse visual tasks primarily with synthetic data.
This enables GenCeption to execute heterogeneous perception tasks within a
single task-agnostic architecture, ranging from pixel-level segmentation to more
complex 3D pose estimation and tracking. Specifically, by repurposing iterative
diffusion into a feed-forward architecture, GenCeption dynamically infers the
intended modality in a single forward pass, steered by the text instruction. No-
tably, GenCeption promotes a paradigm shift from specialized vision models to
unified generalist intelligence that adopt unified backbone, head, and loss func-
tion across different vision tasks. Under this paradigm, task specifications are
shifted from architectural modifications to data format designs, which enables
scaling up with an ever-growing spectrum of visual tasks.

As shown in Figure 2, our empirical results demonstrate that GenCeption
achieves state-of-the-art performance across multiple perception tasks, perform-
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ing on par with or even surpassing specialized models designed for single modali-
ties, including DepthAnything V3 [41], SegmentAnything V3 (SAM3) [11], D4RT [79],
VGGT-Ω [65], Sapiens [33], David [57], and Genmo [38]. Under comparable
model size and same fine-tuning data, the video generative pretrained backbone
outperforms the largest available variants of alternative pretraining paradigms
(e.g., V-JEPA [4], VideoMAE V2 [61]). Importantly, GenCeption exhibits pre-
liminary scaling properties where the performance improves with more data and
larger model size, along with exceptional data efficiency where it achieves com-
parable performance with leading models like D4RT and VGGT-Ω with 7× to
500× less training data. Finally, this paradigm triggers emergent behaviors, in-
cluding seamless sim-to-real transfer and out-of-distribution generalization to
unseen object categories, as shown in Figure 8b and Figure 8a. This evidence
suggests that video generation is not merely a synthesis tool, but the founda-
tional path toward generalist vision intelligence for the physical world.

2 Related Work

2.1 Perception Foundation Models.

Perception foundation models have recently attracted significant attention, with
frameworks such as Segment Anything series [11,36,54] and Depth Anything se-
ries [41,73,74] leveraging massive datasets to achieve robust performance across
diverse visual scenarios. Parallel efforts have sought to develop unified models
capable of handling multiple tasks simultaneously. However, these works oper-
ate primarily in the image domain [2, 48, 57], lacking an inherent understand-
ing of temporal dynamics. Furthermore, multitasking in these models is often
implemented at a rigid architectural level—relying on task-specific encoder or
decoder [57]—which lacks the flexibility required for truly general-purpose sys-
tems. Even among models that attempt to process video and flexibly handle
varied tasks [26, 81], they have not yet reached the level of efficacy seen in spe-
cialized, task-specific models when evaluated on a wide range of video tasks.
This stands in stark contrast to Large Language Models (LLMs), which have
demonstrated that a single unified architecture can flexibly master a vast array
of tasks with human-level or even superhuman proficiency. A truly unified video
perception model that matches the general-purpose proficiency of LLMs has yet
to be realized.

2.2 Visual Representation Learning

At the heart of this challenge lies the long-standing task of representation learn-
ing: learning rich and robust visual representations to enable a wide range of
vision tasks. In the literature, unsupervised and self-supervised learning have
become core paradigms for representation learning, as they scale efficiently with
large amounts of unlabeled data. Among representative approaches, masked au-
toencoders [23,50] (MAE), inspired by masked language modeling [9,14], learn to
reconstruct missing image regions and have established a foundational framework
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for visual pretraining, where the learned representations can be effectively fine-
tuned to various downstream vision tasks. While extensions like VideoMAE [61]
and RVM [82] have translated this to the video domain, these methods often
lack explicit multimodal vision-language alignment, lacking the semantic ground-
ing required to link visual patterns to high-level concepts. Another prominent
paradigm, contrastive learning, aims to align semantically similar samples while
separating dissimilar ones. By performing contrastive learning across vision and
language modalities, models such as CLIP [52] and SigLip [78] learn powerful
multimodal representations that unlock a wide range of tasks such as open-
vocabulary classification and segmentation. Despite the vibrancy of this field,
multimodal representation learning at the video level remains a crucial prob-
lem, presenting numerous challenges, including, among other reasons, the high
computational cost of training and the added complexity of modeling temporal
dynamics.

2.3 Re-purposing Diffusion Models.

Recently, an emerging direction is to leverage the rich features learned in pre-
trained diffusion models, a path which our work follows. Early work in this area
focused mainly on single-image prediction. Marigold [30] demonstrated how a
pre-trained image diffusion model like Stable Diffusion [56] can be repurposed
through fine-tuning on synthetic data to act as a monocular depth estimator.
[46] improves the efficiency of prior diffusion-based depth estimators [17, 30]
by aligning the time step with the noise level, showing that a simple end-to-
end fine-tuning approach can create a single-step, deterministic model that is
both fast and highly accurate. GenPercept [70] conducts a systematic study
and identifies key components such as feature injection, decoding mechanisms,
and training objectives, that are critical for successfully adapting pre-trained
diffusion models to dense perception tasks. Diception [80] demonstrates strong
vision generalists capable of addressing multiple tasks, steering perception tasks
using text prompts.

An inherent limitation of these single-image models, however, is their inability
to produce temporally consistent predictions when applied to video sequences.
To address this, BufferAnytime [37] proposes to adapt the existing image diffu-
sion model to the video domain by incorporating a temporal layer for depth and
normal estimation problems. Going further, various works have explored directly
employing native video diffusion models to address the temporal consistency is-
sues. DepthCrafter [25] and NormalCrafter [6] incorporate alignment objectives
with large-scale Vision Foundation Models, such as CLIP [52] or DINO [49], to
facilitate training. [72] explores training with scalable synthetic data to over-
come the scarcity of video ground truth data. Geo4D [28] adapts video diffusion
models for 4D scene reconstruction. DiffusionRenderer [40] leverage video diffu-
sion priors to tackle the dual problems of inverse rendering and forward render-
ing. ReferEverything [3] repurpose video diffusion models for expression-referring
open-world segmentation. [1] provides related evidence that video diffusion mod-
els encode reusable visual priors, demonstrating few-shot LoRA adaptation to
diverse tasks via input-output video transition. However, these advanced meth-
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Fig. 3: Capabilities Illustrations. GenCeption is a versatile video perception model
with SOTA performance on a multitude of output modalities including surface nor-
mal estimation, depth estimation, foreground segmentation, expression-referring open-
world segmentation, dense human pose estimation, 2D/3D keypoints estimation, and
camera pose estimation. Our approach has been trained on human-centric synthetic
videos, yet it generalizes to real videos both for people as well as other categories such
as animals and anthropomorphic characters.

ods primarily concentrate on a single, often dense, vision task. We present a
unified architecture for both dense and sparse video perception, leveraging the
rich prior knowledge and instruction-following strengths of text-to-video models
to steer diverse tasks via text prompts. Additionally, we replace slow iterative
sampling with an efficient, direct feed-forward architecture, with superior in-
ference efficiency and performance that matches or exceeds SOTA specialists.
This work advances our previous human-centric model, THFM [66], into a uni-
fied general-purpose model, with broader task and benchmark evaluations, and
more exhaustive analysis of model behaviors.

Notably, our work shares close conceptual ties with two concurrent works,
while differing in both architecture and evaluation. First, both our work and [69]
share the hypothesis that large-scale video generative models learn powerful vi-
sual priors. If [69] demonstrates the existence of these priors, we provide the
architecture to efficiently harness them. Specifically, while [69] investigates a
training-free prompting approach via multi-step video generation with a focus
primarily on qualitative validation, we introduces a dedicated post-training strat-
egy and conduct rigorous quantitative evaluation across standardized bench-
marks. Second, while Vision Banana [18] operates within the 2D image space,
GenCeption extends the paradigm to the native video domain to naturally cap-
ture temporal consistency. Additionally, instead of focusing on multi-step gen-
eration, our method adopts a efficient feed-forward architecture with improved
inference efficiency and strong performance across a broader task spectrum. See
Figure 3 for a summary of capabilities.

3 GenCeption

3.1 Methodology

The core premise of GenCeption is that large-scale video generation models are
not merely synthesis engines, but powerful, universal visual representation learn-
ers. Inspired by the trajectory of Large Language Models (LLMs)—where gen-
erative pre-training (next-token prediction) inherently builds rich features that
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Fig. 4: Architecture overview of GenCeption, a simple yet powerful architecture
adapted from text-to-video diffusion models. Given an input video and a text prompt
specifying the desired output, our unified model, trained majorly on synthetic data, is
capable of performing a wide range of dense and sparse perception tasks, with a single
forward-pass of the model. The dense vision tasks are unified in the RGB ambient
space where supervision can be applied in latent space efficiently, and the sparse vi-
sion tasks are realized by adding learnable tokens as additional inputs to the diffusion
transformer (DiT).

can be harnessed for diverse downstream tasks—we reformulate video perception
as a post-training endeavor built atop a pretrained video generative model. Our
methodology is driven by three foundational principles:

1) Generative Pre-training as Representation Learning : We utilize a pre-trained
text-to-video generative diffusion model as our universal backbone. The ob-
jective of generating high-fidelity video inherently forces the model to inter-
nalize robust spatiotemporal priors, 3D geometry, and physical laws, serving
as a powerful alternative to traditional contrastive or masked autoencoder
pre-training. To fully preserve these foundational representations, one core
design principle is to maximize compliance with the original pre-training
regime with minimal modifications.

2) Task-Agnostic Post-Training in Unified Architecture: To transition from a
specialized generator to a generalist perceiver, we treat diverse vision tasks
as unified sequence-to-sequence mapping problems, rather than engineering
task-specific architectures or relying on specialized encoders and decoders.
By formatting various target modalities into a shared representational space
(e.g., standard RGB ambient space for dense tasks), we allow a single, unified
architecture to master multiple tasks guided seamlessly by text instructions.
Under this paradigm, integrating new visual capabilities no longer neces-
sitates altering the architecture or training pipelines; instead, task spec-
ifications are directly reflected in the data representation—a data-driven
approach that enables scaling up efficiently across a continually expanding
range of visual tasks.

3) Feed-Forward Reformulation: While diffusion models typically rely on slow,
iterative sampling processes for synthesizing diverse outputs, perception tasks
demand highly accurate and efficient predictions. Therefore, a critical design
decision in GenCeption is the transformation of the multi-step generative
backbone into a single-step, feed-forward perception engine.
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Guided by these principles, we instantiate GenCeption, a model capable of vari-
ous video perception tasks. As illustrated in Figure 4, we repurpose text-to-video
generation models to enable both dense vision tasks (normal estimation, depth
estimation, foreground segmentation, expression referring open-world segmenta-
tion, dense human semantic estimation, raymap estimation) and sparse vision
tasks (2D and 3D keypoint prediction, camera pose estimation) within a unified
architecture. Given the input RGB video and the text prompt specifying the tar-
get modality, GenCeption is able to produce target video in a single forward pass
(Sec 3.2), with a unified representation for various perception tasks (Sec 3.3); A
scalable data synthesis strategy is proposed to enable efficient low-cost collection
of diverse high-quality data, which is described in Sec 3.4. We then discuss our
training recipe in Sec 3.5.

3.2 From Diffusion Pre-training to Perception Finetuning

Preliminary. Our model is based on text-to-video diffusion model, with its
core components being a VAE encoder-decoder pair, a text encoder, and a
transformer-based latent diffusion model (DiT). The original DiT model takes a
latent token initialized with Gaussian noise and text prompt as inputs and con-
ducts a number of denoising steps, gradually transforming it into latent tokens,
which can be decoded to the generated video. The index of the denoising step is
provided to DiT as additional input to modulate the predictions with respect to
amount of input noise. Let us denote the video token inputs to DiT at step t as
xt, with x0 being the noise-free latents of the original video. Depending on the
particular formulation, DiT module is trained to predict the noise component ϵ
as in [24, 60], the velocity v = ϵ− x0 between the noise and original input as in
the "Rectified flow" variant [16,44,45], or the target x0 directly [39].
Feedforward Perception Formulation. In this work, we adapt the multi-step
diffusion model to a feed-forward prediction model. To that end we directly use
the latent tokens encoded from original video as the inputs to DiT and conduct
only a single forward-pass of the model. The input time-step is set to the time
step used at the end of multi-step diffusion process, to indicate that the input is
noise free. We rely on DiT trained with "Rectified flow" objective, and negate
the output of the DiT prior to passing it to the loss functions or decoder. The
negated output −v = x0 − ϵ is then close to the latent encoding of the RGB
video, which, in our experiments, helps the model to converge faster.

3.3 Unified Task Representation

Unify Dense Tasks in RGB Space. Unlike prior practices that often adopt
separate backbones and decoders for different tasks, our framework promotes
a unified approach, where all tasks share the same architecture and weights
for both backbone and decoder, and the target task is simply modulated via
the text prompt. To achieve this, the outputs for all dense perception tasks
are represented in the 3-channel RGB space within the range [0, 1]. Specifically,
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the three RGB channels are replicated
for single-dimensional outputs like depth
and segmentation, whereas they rep-
resent distinct spatial dimensions for
three-dimensional tasks including sur-
face normals and DensePose estima-
tion. Importantly, this representation is
highly generalizable, and many high-
dimensional vision modalities can be ele-
gantly adapted to fit within this 3-channel
constraint. For instance, to estimate cam-
era poses—which are often represented as
extrinsics and intrinsics matrices, we uti-
lize a pixel-space raymap to closely align
with the format of video generative pre-training, see Figure 5. To further accom-
modate the 6-channel nature of the camera raymap, we spatially arrange the
raymap by allocating the ray origin to the central region and the ray direction
to the outer boundaries of the frame. This design preserves the integrity of our
single-decoder framework while maximizing the leverage of powerful pre-trained
visual priors. We believe this design philosophy scales naturally to a wider spec-
trum of vision tasks. Analogous to the prevailing practice of reformatting non-
text data—such as bounding boxes or robot control tokens—into text strings
to leverage the power of LLMs, we advocate for reformatting vision-friendly
tasks directly into the continuous pixel space. Instead of forcing inherently vi-
sual modalities into text to fit language models, we promote a return to the
pixel space—especially for dense, high-dimensional tasks that are fundamentally
visual.
Enable Sparse Tasks with Learnable Tokens. While RGB is versatile,
downstream tasks like robotic control often require directly manipulatable, struc-
tured outputs such as explicit 2D/3D coordinates. To enable these sparse predic-
tions, we introduce a lightweight token-based extension. We append T learnable
tokens—one for each of the T video frames—to the video latents. After pass-
ing through the model, an MLP decodes each token to predict a K-dimensional
target per frame. To maintain compliance with the base DiT model, we utilize
its native 3D RoPE. Because the spatial positions of these additional tokens are
unknown, we make them learnable. Although the temporal positions are known,
the video frame count T exceeds the compressed latent length T ′. To stay within
the temporal bounds seen during training, we down-scale these positions using
position interpolation [13]. Empirically, this additional-query approach outper-
forms methods that rely on adding extra attention layers.

3.4 Scalable Synthetic Data Generation

Training of our model requires high-quality and diverse video data with ground-
truth for depth, normal, segmentation mask, dense pose, 2D keypoints, 3D key-
points, and camera poses. Since most real-world datasets may contain only a
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subset of the modalities in a limited scale, we resort to synthetic data as a
scalable approach to address the data scarcity problem.

Specifically, we design a synthetic data generation workflow to produce high-
quality human-centric video data, covering diverse human entities and motions.
We use 800 RenderPeople assets [55], and animate them with 200 motions from
the CMU motion capture dataset [12]. We use various 3D full scenes or HDRI
backdrops similar to [5] for enhanced background variability, and vary focal
lengths, camera positioning and trajectory for enriched camera conditions. In
total, we generate a synthetic dataset of 7,500 videos with various identities, mo-
tions and backgrounds. To support dense vision tasks, video normals, depth and
segmentation masks are generated with separate render passes via Blender [8].
We recover the human joint positions from the rigged RenderPeople [55] assets
and use them as ground truth for our 2D and 3D keypoint regression task. Each
of the generated videos is trimmed to the target number of frames in the video
model. We apply a offline data preprocessing stage, where we precompute and
cache both the input RGB video and target-modality video into video latents,
and the text conditioning prompt into text embeddings.

3.5 Training Recipe

With the model architecture and data pipeline established, we now describe the
training objectives employed in our framework. Conventionally, joint multi-task
learning presents an inherent optimization challenge: distinct vision tasks de-
mand specialized loss functions tailored to their unique modalities. In practice,
this heterogeneity introduces substantial engineering overhead to manually bal-
ance loss weights across different objectives, presenting a major bottleneck when
scaling up to a larger variety of vision tasks. Instead, we adopt a fully unified loss
design: specifically, our model is trained solely using a standard L2 loss, applied
in the latent space for dense tasks and in the output space for sparse tasks.

To achieve this unified optimization without compromising performance, we
shift the responsibility of task-specific customization from the loss formulation
to the data representation designs. Taking monocular depth estimation as a pri-
mary example—where scale ambiguity typically necessitates customized, scale-
invariant losses—we resolve this constraint by normalizing the depth map of each
video frame using the median depth of the scene, thereby inherently eliminating
scale variance. To further align the normalized depth d into the standard [0, 1]
RGB range, we apply a nonlinear mapping function: d′ = clip(α log(d+1), 0, 1),
where α can dynamically adjusts the model’s focus between near-field details
and far-field structures. This data-level customization effectively circumvents
the need for any task-specific objective functions, where balancing between dif-
ferent tasks only needs to be managed via the data mixture ratio, analogous
to the prevailing practice in LLMs. We believe this data-centric harmonization
principle can scale naturally across a wider spectrum of vision tasks, ensuring a
streamlined and robust multi-task training paradigm.
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Fig. 6: Qualitative results of our approach on referring expression segmentation. Our
model accurately recognizes objects, colors, spatial relationships, and motion. Further-
more, it demonstrates strong generalization by identifying unseen objects, effectively
leveraging the knowledge acquired during text-to-video pretraining.

4 Experiments

We comprehensively evaluate our model on various challenging real-world datasets
across vision tasks: depth estimation, normal estimation, segmentation, 3D key-
point prediction, and camera pose estimation. Please also see the supplementary
for more results and analysis.

4.1 Implementation Details

Our approach is implemented based on an open-source and open-weights text-
to-video diffusion model WAN [63]. Following its original architecture, we train
our model on video samples at a resolution of 480x832, comprising 81 frames
captured at 24 frames per second (FPS). The model’s encoder downsamples the
input dimensionality with a temporal factor of 4 and a spatial factor of 8 for
both width and height. We train our model with a batch size of 64 on 256 v6e
TPUs. We optimize the model using the Adam optimizer [35], with a learning
rate of 5e−5 for 15000 training steps, implementing a linear warmup over the
first 250 training steps. Crucially, for training stability, we apply both gradient
clipping, constraining the gradient norm within a certain threshold, and gradi-
ent dropping, which discards any batch whose gradient norm exceeds a higher
threshold. These techniques proved vital for stable training and high-quality
performance. To enhance training data diversity, we augment our proposed syn-
thetic data with several publicly available synthetic datasets. Specifically, we
incorporate TartanAir [67], Virtual KITTI [19], and MVS Synth [27] to provide
additional depth annotations, while utilizing the camera trajectory data provided
by TartanAir [67]. For expression-referring segmentation tasks, we leverage real-
world datasets owing to their immediate availability, integrating MeViS [15],
Ref-COCO [77], and YouTube-VOS [71].
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Table 1: Comparison to state-of-the-art specialized models. We show the per-
formance for a common subset of tasks, including surface normal, depth estimation,
camera pose estimation, foreground segmentation, expression-referring open-world seg-
mentation, and 3D human keypoint estimation. "-" denotes that a given model cannot
solve the task out-of-the-box, ∼ denotes results are not obtained, * denotes results
when trained with the same data as our model. Best results are bold, second best
underlined. Note that on all tasks except for expression-referring segmentation, our
method is trained purely on synthetic data.

Task Normals Depth Cam. Pose Foreground Seg. Expression-Referring Seg. 3D Human

Benchmark Sintel [10] Hi4D [76] Sintel [10] KITTI [21] ETH3D [58] Goliath [47] Sintel [10] V.Mat. [42] P.Mat. [42] Ref-DAVIS [34] MEVIS [15] EMDB [29]

Method Backbone mAE ↓ AbsRel ↓ ATE ↓ RPE-T ↓ RPE-R ↓ MSE ↓ J&F ↑ MPJPE ↓

David-Large [57] ViT-L - 15.37 - - - - - - - - - - - -
Sapiens-2B [33] MAE - 12.14 - - - - - - - - - - - -
Marigold-E2E-FT [20] SD V2 33.5 ∼ - - - - - - - - - - - -
NormalCrafter [7] SVD 30.7 ∼ - - - - - - - - - - - -
Lotus-2 [22] SVD 30.3 ∼ - - - - - - - - - - - -

David-Large [57] ViT-L - - - - - 0.012 - - - - - - - -
Sapiens-2B [33] MAE - - - - - 0.033 - - - - - - - -
MapAnything [32] DinoV2 - - 0.306 0.096 ∼ ∼ 0.202 0.089 2.383 - - - - -
VGGT [64] DinoV2 - - 0.247 0.067 ∼ ∼ 0.168 0.056 0.428 - - - - -
DepthAnything 3 [41] DinoV2 - - 0.201 0.059 0.028 ∼ 0.065 0.048 0.456 - - - - -
D4RT [79] VideoMAE2 - - 0.148 0.051 ∼ ∼ 0.065 0.024 0.126 - - - - -
VGGT Ω [65] DinoV3 - - 0.145 0.041 0.016 ∼ 0.057 0.059 0.407 - - - - -

MODNet [31] MNetV2 - - - - - - - - - 0.0054 0.0304 - - -
RVM [43] MNetV3 - - - - - - - - - 0.0010 ∼ - - -
David-Large [57] ViT-L - - - - - - - - ∼ 0.0009 - - -

ReferFormer [31] Swin-L - - - - - - - - - 61.1 31.0 -
VISA-13B [31] Chat-Univi - - - - - - - - - - - 70.4 44.5 -
Vocap [43] SAM2 - - - - - - - - - - 75.1 51.9 -
ReferEverything [57] WAN 2.1 - - - - - - - - - 75.0 60.3 -
SegmentAnything 3 [11] PE - - - - - - - - - - 41.3 38.3 -
SegmentAnything 3 + Gemini 3.5 Flash [11] PE - - - - - - - - - - 64.5 57.5 -

GVHMR [59] ViT - - - - - - - - - - - - - 72.6
TRAM [68] ViT-H - - - - - - - - - - - - - 74.4
Genmo [38] ViT-H - - - - - - - - - - - - - 73.0

Diception - Generalist [80] SD3 37.9 20.4 0.500 0.145 0.177 ∼ - - - - - - - -

Ours - Specialist WAN 2.1 29.7 10.99 0.130 0.048 0.037 0.008 0.050 0.018 0.464 0.0027 0.0009 76.4 70.0 71.8
Ours - Generalist WAN 2.1 29.3 11.47 0.156 0.048 0.044 0.011 0.062 0.018 0.485 0.0010 0.0008 75.8 69.0 ∼

4.2 Evaluation Protocol

Evaluation Datasets. We evaluate our approach on a set of challenging bench-
marks that encompass both video and image data. For surface normal estimation,
we evaluate on Hi4D datasets [76] and SINTEL dataset [10]. For Hi4D, we adhere
to the evaluation protocol established in Sapiens [33] and DAVID [57], selecting
the same sequences from pairs 28, 32, and 37. These sequences feature six unique
subjects captured by camera 4, resulting in a total of 1,195 frames for testing.
For depth estimation, we evaluate on KITTI [21], SINTEL [10], ETH3D [58], and
Goliath [47] dataset. For Goliath [47], we follow DAVID [57] to perform eval-
uation to ensure fair comparison, where we utilize the identical selection of 12
cameras, 16 frames, and 4 subjects as in DAVID [57], which are categorized into
data splits of face, upper and full body, with approximately 2.2k frames in total.
For soft foreground segmentation, we report results on VideoMatte [42], Pho-
toMatte 85 [42], and PPM-100 [31]. The original VideoMatte dataset does not
provide an official split, thus we evaluate on the static split composite from [43].
For camera pose estimation, we evaluate on SINTEL dataset [10]. For 3D key-
point estimation, we evaluate on EMDB dataset [29]. For expression-referring
open-world segmentation, we follow VoCap [62] to reports results on RefVOS-
DAVIS [34] and MeViS [15].
Evaluation Metrics. To assess our model’s performance, we report standard
metrics appropriate for each task. For surface normal estimation, we report the
common metrics [33,57] including mean and median angular error, alongside the
percentage of pixels where the error is within the threshold t ∈ {11.25, 22.5, 30}.
For depth estimation, we follow standard practice [33, 53, 74] by adopting the
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Table 2: Validated on depth estimation, generative backbone outperform other vi-
sual pretraining (V-JEPA and Video MAE v2), and show preliminary data and model
scaling properties. Note that our method was trained exclusively on synthetic data.

Method Model
Size

Number of Training Sintel KITTI ETH3D Average

Datasets Videos Frames AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑

Ours - V-JEPA - H 0.6B 1 7.5K 0.9M 0.422 37.3 0.226 47.5 0.196 71.8 0.281 52.2
Ours - VideoMae V2 - H 0.6B 1 7.5K 0.9M 0.275 37.4 0.124 64.6 0.126 84.1 0.175 62.0
Ours - VideoMae V2 - G 1B 1 7.5K 0.9M 0.260 41.4 0.105 70.2 0.099 89.3 0.154 66.9
Ours - WAN 2.1 - S 1.3B 1 7.5K 0.9M 0.201 72.7 0.099 89.2 0.068 95.6 0.122 85.8
Ours - WAN 2.1 - L 14B 1 7.5K 0.9M 0.181 76.8 0.060 97.1 0.039 98.2 0.093 90.7

DepthAnything V3 - G [41] 1.15B 22+ 1.23M ∼ 200M 0.201 72.1 0.059 96.6 0.028 98.8 0.096 89.1
D4RT [79] 1B 11+ ∼ 1M ∼ 86M 0.148 80.3 0.055 97.9 0.045 97.0 0.082 91.7
VGGT - Ω [65] 1B 33+ ∼ 3M ∼ 600M 0.145 87.6 0.041 98.5 0.016 99.6 0.067 95.2
Ours - WAN 2.1 - S 1.3B 4 8.08K 1.23M 0.167 76.9 0.060 97.3 0.056 97.6 0.094 90.6
Ours - WAN 2.1 - L 14B 4 8.08K 1.23M 0.130 84.5 0.048 98.3 0.037 98.8 0.071 93.8

mean absolute value of the relative depth (AbsRel) and the root mean square
error (RMSE). For soft foreground segmentation, we report mean squared er-
ror (MSE) as in prior work [42, 43, 57, 75]. For expression referring open-world
segmentation, we report J&F scores [51] (mean of IoU and contour accuracy) av-
eraged on all text queries. For 3D keypoint estimation, we follow [38,68] to report
mean per joint position error (MPJPE). For camera pose estimation, we report
average translation error (ATE), relative pose error - translation (RPE-T), and
relative pose error - rotation (RPE-R).

4.3 Comparison to the state of the art

We compare our methods with the state-of-the-art models on various challenging
benchmarks. Note that our model was trained without using any of the training
sets provided alongside the evaluation benchmarks. Furthermore, our training re-
lies entirely on synthetic data, with the sole exception of the expression-referring
segmentation task which incorporates real-world data. As summarized in Table 1,
our approach performs favorably compared to related methods in the literature.
For geometric understanding, our method exceeds specialized models like Nor-
malCrafter [7] and Lotus-2 [22] in surface normal estimation, and outperforms or
matches dedicated foundation models such as DepthAnything 3 [41], [79], and
VGGT Ω [65] in depth estimation and camera pose estimation. In foreground
segmentation, our approach achieves competitive results in soft foreground seg-
mentation across both video and image datasets. On expression-referring seg-
mentation, our work show stronger ability in understanding complex sentences
compared to SegmentAnything3 [11]. Qualitative examples are show in Figure
6. Finally, for sparse tasks, it also delivers stronger 3D keypoint prediction per-
formance compared to specialized models including Genmo [38] and TRAM [68].
Readers are referred to Appendix for more details.

4.4 Ablation Studies

Joint training vs. task-specific training: As demonstrated in Table 1, tran-
sitioning to a unified generalist yields mixed behaviors across tasks and bench-
marks. For dense prediction modalities, surface normal estimation shows mixed
trends on benchmarks, while depth and camera pose estimation generally un-
dergo regression or remain intact (e.g., on KITTI). In contrast, foreground seg-
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mentation tasks consistently benefit from joint training, whereas expression-
referring segmentation experiences a slight degradation. Most notably, we em-
pirically observe that joint training severely degrades 3D human keypoint esti-
mation and compromises other dense tasks.

Fig. 7: Effect of transferring increasing
number of layers from the pre-trained text-
to-video model.

We presume this stems from two
architectural factors. First, this token-
based explicit coordinate regression
diverges from the continuous pixel-
space pre-training of the genera-
tive video model. Second, the addi-
tional learnable tokens, trained from
scratch, disrupt the native attention
mechanics of pre-trained DiT lay-
ers, damaging their optimized fea-
tures and requiring more data to con-
verge. This phenomenon suggest a
valuable insight for post-training: one
should strive for minimal architec-
tural modifications to the pre-trained
backbone, or alternatively, fundamentally redesign the pre-training paradigm to
natively accommodate highly diverse downstream tasks.
Importance of pretraining. We compare video generative pretraining back-
bone with other representation learning approaches. We use the largest available
variants of V-JEPA and VideoMae V2 and fine-tune all on the same training set.
As in Table 2, our diffusion-based pretraining (WAN 2.1) significantly outper-
forms other pretraining approaches. This serves as a suggestive empirical evi-
dence that the generative diffusion objective itself—rather than just the dataset
or model scale—is essential for extracting superior spatiotemporal priors. Fur-
thermore, VideoMae and V-JEPA lack native support for a unified multi-task
model, often requiring task-specific training, while our model can natively use
text prompts to steer between tasks. Furthermore, as in Figure 7, training the
randomly initialized DiT from scratch on our dataset yields a nearly flat learning
curve. Performance improves as more pre-trained layers are used. This confirms
that pre-training is essential for downstream convergence and performance.
Preliminary scaling property and data efficiency. As in Figure 2 and
Table 2, the generative backbone demonstrates promising preliminary scaling
properties across varying model sizes and datasets, with performance generally
improving as model size and data volume increase. The model also shows ex-
ceptional data efficiency where it achieves comparable performance with leading
models like D4RT and VGGT-Ω with 7× to 500× less training data.

4.5 Emergent Behaviors

In addition to competitive performance that matches or surpasses state-of-the-
art methods, our model also exhibits intriguing emergent behaviors beyond its
intended training objectives. We believe these behaviors arise from the rich repre-
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(a) Generalize to multiple instances.

(b) Generalize to unseen categories.

Fig. 8: Generalization capabilities. Left: Trained on synthetic data with one sin-
gle object within each video, our method generalizes in zero-shot to real videos with
multiple objects. Right: Our approach has been trained only on videos of a single class
(humans), but generalizes to a variety of other classes of articulated objects.

sentations learned in large-scale text-to-video generation models, shedding light
on the broader potential of this paradigm for future exploration.
Generalization from synthetic training data: Our approach is trained
purely on synthetic videos, yet it generalizes well to real-world videos, as shown
in our quantitative and qualitative results. In particular, we observe that the
fine-grained details present in the output of our model are exceeding the quality
of our training data generated with conventional computer graphics methods in
Blender. See, for example, the whiskers on the cat in Figure 8b (first column) or
the soft segmentation of the hair in Figure 3 (second row).
Generalization to OOD classes: our approach is trained purely on synthetic
videos of human entities, yet it generalizes well to real-world videos—both of
humans and of other categories such as animals and anthropomorphic charac-
ters—as shown in Figure 8b.
Generalization to multiple instances: trained on synthetic data with one
single object within each video, our method generalizes in zero-shot to real videos
with multiple objects as shown in Figure 8a.

5 Conclusion

We have presented GenCeption, a unified framework that identifies large-scale
video generation as a foundational pre-training paradigm for visual perception.
By repurposing a pre-trained video diffusion backbone into a high-efficiency, feed-
forward model, we demonstrate that the rich spatiotemporal priors required for
synthesis can be directly translated into precise perceptual capabilities without
the need for costly iterative sampling. Our experiments across diverse vision
tasks confirm that GenCeption not only matches the performance of specialized
state-of-the-art models but also exhibits significant emergent behaviors, provides
strong evidence for the existence of a universal "world model" within generative
video backbones. We believe this paradigm shift, from task-specific engineering
to generalist generative pre-training, paves a promising path toward a truly
unified and scalable intelligence for understanding the physical world.
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