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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. Empirical
results demonstrate that GenCeption achieves state-of-the-art performance across a diverse suite of
tasks, including depth, surface normal, and camera pose estimation, expression-referring segmentation,
and 3D keypoint prediction, often matching or surpassing specialized models (e.g. DepthAnything3,
SAM3, D4RT, VGGT-Q, Sapiens, David, Genmo, and Lotus-2). Furthermore, the video generative
pretrained backbone outperforms alternative pretraining paradigms (e.g., V-JEPA, and Video MAE) under
comparable settings. 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-Q with 7x to 500x 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.
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1. Introduction

Natural language processing (NLP) evolved from an era of specialized models—where separate
models were developed for each language task (e.g. translation, 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.

In stark contrast, computer vision is still lingering in its "specialized model" stage. While recent
years have yielded powerful foundation models such as Segment Anything series [10, 36, 53] for
localization or Depth Anything series [41, 76, 77] 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. To
this end, 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, ultimately enabling the
emergence of vision intelligence.
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Figure 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 Behaviors, enabling seamless sim-to-real transfer and generalization to out-
of-distribution object categories. Paradigm Shift (Right): This highlights a paradigm shift from
specialized task-specific computer vision models, to fully unified generalist vision models.

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 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 inherent vision-language alignment. Finally, modern text-to-
video generation models have been scaled using massive datasets and compute due to their relatively
low annotation cost and high commercial value, providing a direct path toward emergent intelligence.

We introduce GenCeption, a generalist video perception model that instantiate this paradigm.
As illustrated in Figure 1, we treat the pre-trained video diffusion backbone as our "base model",
leveraging the rich priors learned during 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. Notably, GenCeption
promotes a paradigm shift from specialized vision models to unified generalist intelligence that adopt
unified backbone, head, and loss function 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, performing on par with or even surpassing specialized
models designed for single modalities, including DepthAnything V3 [41], SegmentAnything V3
(SAM3) [10], D4RT [82], VGGT-Q [65], Sapiens [33], David [56], and Genmo [38]. Under comparable
model size and same fine-tuning data, the video generative pretrained backbone is also found to
outperforms the largest available variants of alternative pretraining paradigms (e.g., V-JEPA [4],
VideoMAE V2 [61]). Importantly, GenCeption exhibits preliminary scaling properties where the
performance improves with more data and larger model size, along with exceptional data efficiency
where it achieves comparable performance with leading models like D4RT and VGGT-Q with 7x
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Figure 2 j SOTA Generalist Capability (Left): GenCeption achieves universally competitive perfor-
mance on a wide range of vision tasks, matching or outperforming state-of-the-art models dedicated
to individual tasks (e.g. DepthAnything3 [ 41], SAM3 [ 10], D4RT [82], VGGT- [65], Sapiens [33],
David [56], Genmo [ 38], Lotus-2 [ 22]). Our specialist denotes a model trained on each task individ-
ually, whereas the generalist represents a single model trained jointly across multiple tasks. Data
E ciency in Finetuning (Right): Validated on depth estimation, the video generative pretrained
backbone (i) outperforms the largest available variants alternative pretraining paradigms (e.g., V-JEPA,
and VideoMAE V2) under the same netuning data. (ii) exhibits preliminary scaling properties, where
the performance improves with more data and large model size; (iii) shows exceptional data e ciency,
achieving comparable performance with leading models like DART [B2] and VGGT- [65] with 7 to
500 less training data.

to 500 less training data. Finally, this paradigm triggers emergent behaviors, including seamless
sim-to-real transfer and out-of-distribution generalization to unseen object categories, as shown in
Figure 10b and Figure 10a. This evidence suggests that video generation is not merely a synthesis
tool, but the foundational path toward generalist vision intelligence for the physical world.

2. Related Work

2.1. Perception Foundation Models.

Perception foundation models have recently attracted signi cant attention, with frameworks such
as Segment Anything series [0, 36, 53] and Depth Anything series [41, 75, 76] leveraging massive
datasets to achieve robust performance across diverse visual scenarios. Parallel e orts have sought
to develop uni ed models capable of handling multiple tasks simultaneously. However, these works
operate primarily in the image domain [ 2, 47, 56], lacking an inherent understanding of temporal
dynamics. Furthermore, multitasking in these models is often implemented at a rigid architectural
level relying on task-speci ¢ encoder, decoder, or losses [ 56] which lacks the exibility required

for truly general-purpose systems. Even among models that attempt to process video and exibly
handle varied tasks [26, 86], they have not yet reached the level of e cacy seen in specialized,
task-speci ¢ 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 uni ed architecture can
exibly master a vast array of tasks with human-level or even superhuman pro ciency. A truly uni ed
video perception model that matches the general-purpose pro ciency 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 learning: learning rich
and robust visual representations to enable a wide range of vision tasks. In the literature, unsuper-
vised and self-supervised learning have become core paradigms for representation learning, as they
scale e ciently with large amounts of unlabeled data. Among representative approaches, masked
autoencoders [23, 49] (MAE), inspired by masked language modeling [8, 14], learn to reconstruct
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missing image regions and have established a foundational framework for visual pretraining, where
the learned representations can be e ectively netuned to various downstream vision tasks. Later
works like VideoMAE [61] and RVM [ 87] have extended this to the video domain. In parallel, another
prominent self-supervised paradigm leverages feature-level self-distillation, as empli ed by the DINO
serires [12, 48, 59], where a student network is trained to match the feature distributions of a
dynamically updated teacher network across di erent global and local views of the same image.
However, these vision-only methods inherently lack explicit multimodal vision-language alignment,
lacking the semantic grounding 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 1] and SigLip [ 81] learn powerful multimodal representations that unlock a wide
range of tasks such as open-vocabulary classi cation and segmentation. Despite the vibrancy of this
eld, multimodal representation learning at the video level remains a crucial problem, presenting
numerous challenges. Chief among these is the severe limitation in model scaling; while language
models routinely scale to hundreds of billions of parameters, prominent video representation learners
remain orders of magnitude smaller. This bottleneck stems from, among other reasons, the prohibitive
computational cost of training on dense video data, alongside the added complexity of modeling
intricate temporal dynamics.

2.3. Re-purposing Di usion Models.

Recently, an emerging direction is to leverage the rich features learned in pre-trained di usion 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 di usion model like Stable Di usion [ 55] can
be repurposed through ne-tuning on synthetic data to act as a monocular depth estimator. [? ]
improves the e ciency of prior di usion-based depth estimators [ 17, 30] by aligning the time step
with the noise level, showing that a simple end-to-end ne-tuning approach can create a single-step,
deterministic model that is both fast and highly accurate. GenPercept{1] conducts a systematic
study and identi es key components such as feature injection, decoding mechanisms, and training
objectives, that are critical for successfully adapting pre-trained di usion models to dense perception
tasks. Diception B4] 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 tempo-
rally consistent predictions when applied to video sequences. To address this, Bu erAnytime 37]
proposes to adapt the existing image di usion 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 di usion models to address the temporal consistency issues. DepthCrafter]5]
and NormalCrafter [6] incorporate alignment objectives with large-scale Vision Foundation Models,
such as CLIP p1] or DINO [ 48], to facilitate training. [ 74] explores training with scalable synthetic
data to overcome the scarcity of video ground truth data. Geo4D P8] adapts video di usion models
for 4D scene reconstruction. Di usionRenderer [10] leverage video di usion priors to tackle the dual
problems of inverse rendering and forward rendering. ReferEverything B] repurpose video di usion
models for expression-referring open-world segmentation. [1] provides related evidence that video
di usion models encode reusable visual priors, demonstrating few-shot LORA adaptation to diverse
tasks via input-output video transition. However, these advanced methods primarily concentrate on a
single, often dense, vision task. We present a uni ed 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 e cient, direct feed-forward architecture, with superior inference e ciency and performance
that matches or exceeds SOTA specialists. This work advances our previous human-centric model,
THFM [66], into a uni ed 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 di ering in both
architecture and evaluation. First, both our work and [ 69] share the hypothesis that large-scale video
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Figure 3 j Capabilities lllustrations. GenCeption is a versatile video perception model with SOTA
performance on a multitude of output modalities including surface normal estimation, depth estima-
tion, 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.

generative models learn powerful visual priors. If [ 69] demonstrates the existence of these priors, we
provide the architecture to e ciently harness them. Speci cally, 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 strategy and conduct rigorous guantitative evaluation across
standardized benchmarks. Second, while Vision Bananal8] operates within the 2D image space,
GenCeption extends the paradigm to the native video domain to naturally capture temporal consistency.
Additionally, instead of focusing on multi-step generation, our method adopts a e cient feed-forward
architecture with improved inference e ciency and strong performance across a broader task spectrum.
See Figure 3, Figure 6, Figure 7, and Figure 8 for more demonstrations 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 learners. Inspired by the trajectory of Large
Language Models (LLMs) where generative pre-training (next-token prediction) inherently builds

rich features that 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) Multimodal Generative Pre-training as Representation Learning: We utilize a pre-trained text-
to-video generative di usion model as our universal backbone. The objective of generating
high- delity video conditional on text inherently forces the model to internalize robust spa-
tiotemporal priors, 3D geometry, and physical laws, while simultaneously fostering a deep,
aligned understanding of visual-language concepts. To fully preserve these foundational repre-
sentations, one core design principle is to maximize compliance with the original pre-training
regime with minimal modi cations.

2) Task-Agnostic Post-Training in Uni ed Architecture: To transition from a specialized generator to
a generalist perceiver, we treat diverse vision tasks as uni ed sequence-to-sequence mapping
problems, rather than engineering task-speci ¢ architectures or relying on specialized encoders,
decoders, and loss functions. By formatting various target modalities into a shared representa-
tional space (e.g., standard RGB space for dense tasks), we allow a single, uni ed architecture to
master multiple tasks guided seamlessly by text instructions. Under this paradigm, integrating
new visual capabilities no longer necessitates altering the architecture or training recipes;
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Figure 4 j Architecture overview of GenCeption, a simple yet powerful architecture adapted from
text-to-video di usion models. Given an input video and a text prompt specifying the desired output,
our uni ed 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
uni ed in the RGB ambient space where supervision can be applied in latent space e ciently, and
the sparse vision tasks are realized by adding learnable tokens as additional inputs to the di usion
transformer (DiT).

instead, task speci cations are directly re ected in the data representation a data-driven
approach that enables scaling up e ciently across a continually expanding range of visual tasks.

3) Feed-Forward Reformulation: While di usion models typically rely on slow, iterative sampling
processes for synthesizing diverse outputs, perception tasks demand highly accurate and e cient
predictions. Therefore, a critical design decision in GenCeption is the transformation of the
multi-step generative backbone into a single-step, feed-forward perception model.

Guided by these principles, we instantiate GenCeption, a model capable of various 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 segmentation, dense human semantic estimation, raymap estimation) and sparse vision
tasks (2D and 3D keypoint prediction) within a uni ed architecture. Given the input RGB video and
the text prompt specifying the target modality, GenCeption is able to produce target video in a single
forward pass (Sec 3.2), with a uni ed representation for various perception tasks (Sec 3.3); A scalable
data synthesis strategy is proposed to enable e cient low-cost collection of diverse high-quality data
(Sec 3.4). We then discuss our training recipe in Sec 3.5.

3.2. From Di usion Pre-training to Perception Finetuning

Preliminary. Our model is based on text-to-video di usion model, with its core components being a
VAE encoder-decoder pair, a text encoder, and a transformer-based latent di usion model (DiT). The
original DIT model takes a latent token initialized with Gaussian noise and text prompt as inputs
and conducts 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 Bas Fg with Ry being the noise-free latents of the original video. Depending on
the particular formulation, DiT module is trained to predict the noise component nas in [24, 60], the
velocity D =n Fg between the noise and original input as in the "Recti ed Flow" variant [ 16, 44, 45],
or the target Fy directly [39].

Feedforward Perception Formulation. In this work, we repurpose the multi-step di usion trans-
former into a feed-forward prediction model. To that end, instead of taking noisy video latents as
inputs, we directly feed the clean latent of the input video as the inputs to DiT, and conduct only a
single forward-pass of the model. To signify that the input is noise-free, the conditioning timestep is
xed to B =0, corresponding to the termination of the generative Recti ed Flow process. Since the
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DiT is trained under the Recti ed Flow objective to predict the velocity D =n Fg, we thus negate
the raw output of the DIT prior to passing it to the loss functions or decoder. The negated output
D = Fp n aligns with the latent of the target video more closely, which, empirically accelerates
model convergence and improves performance.

An intuitive way to view this formulation is that we recast the DiT as a powerful feature extractor.
Crucially, by leveraging Recti ed Flow rather than traditional noise prediction, conditioning on B =0,
and negating the velocity output, we strive to extract the most informative and richest features
from the pretrained backbone. Furthermore, we harvest features directly from the nal layer rather
than intermediate ones; this ensures they natively align with the subsequent decoder, without any
architectural modi cations to the base model.

3.3. Uni ed Task Representation

Unify Dense Tasks in RGB Space. Unlike prior practices that often adopt separate backbones,
decoders, and loss functions for di erent tasks, our framework promotes a uni ed 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 rangeX)” 1¥4 Speci cally, the three RGB channels
are replicated for single-dimensional outputs like depth and segmentation, whereas they represent
distinct dimensions for three-dimensional tasks including surface normals and DensePose estimation.
Importantly, this representation is also applicable to higher-dimensional vision modalities, many of
which can be elegantly adapted to t within this 3-channel constraint. For instance, to estimate camera
poses which are traditionally represented as matrices, we employ a pixel-space raymapZ3, 83, 85]
that natively aligns with the video generative format (see Figure 5). To tits 6-channel format within
our 3-channel constraint, we spatially partition the frame allocating ray origins to the central region

and ray directions to the periphery. This simple yet e ective layout preserves the integrity of our
single-decoder framework while fully leveraging pre-trained visual priors. More importantly, this
design philosophy scales naturally across the spectrum of vision tasks. Analogous to reformatting
non-text data into text strings for LLMs, we advocate for projecting fundamentally visual tasks directly
into the continuous pixel space the native domain where pre-trained visual priors are best leveraged.

Figure 5 j The "Rothko" Raymap as an exam-
ple of adapting high-dimensional modal data
into standard 3 RGB channels. This repre-
sentation e ectively compresses the camera's
multi-channel ray data by assembling rota-
tion and translation components into a single
three-channel map.

Enable Sparse Tasks with Learnable Tokens. While RGB is versatile, downstream tasks like robotic
control often require directly manipulatable, structured outputs such as explicit 2D/3D coordinates.
To enable these sparse predictions, we introduce a lightweight token-based extension. We append
learnable tokens one for each video frame to the video latents. After passing through the model,
an MLP decodes each token to predict a -dimensional target per frame. To maintain compliance
with the base DIiT model, we apply its native 3D RoOPE to the additional tokens. Speci cally, because
the spatial positions of these additional tokens are unknown, we make them learnable. For temporal
positioning, since the video frame count) is compressed to a latent length) ©, we down-scale the
frame indices of the) tokens using position interpolation [ 13] to stay within the temporal bounds
seen during pre-training. Empirically, this additional-query approach outperforms methods that rely
on adding extra attention layers.
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