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Abstract

Future Frame Synthesis (FFS), the task of generating subsequent video frames from con-
text, represents a core challenge in machine intelligence and a cornerstone for developing
predictive world models. This survey provides a comprehensive analysis of the FFS land-
scape, charting its critical evolution from deterministic algorithms focused on pixel-level
accuracy to modern generative paradigms that prioritize semantic coherence and dynamic
plausibility. We introduce a novel taxonomy organized by algorithmic stochasticity, which
not only categorizes existing methods but also reveals the fundamental drivers—advances in
architectures, datasets, and computational scale—behind this paradigm shift. Critically, our
analysis identifies a bifurcation in the field’s trajectory: one path toward efficient, real-time
prediction, and another toward large-scale, generative world simulation. By pinpointing key
challenges and proposing concrete research questions for both frontiers, this survey serves as
an essential guide for researchers aiming to advance the frontiers of visual dynamic modeling.

1 Introduction
The goal of the Future Frame Synthesis (FFS) task is to generate future frames from a sequence of historical
frames (Srivastava et al., 2015) or even a single context frame (Xue et al., 2016), optionally guided by
supplementary control signals. The learning objective of FFS is also regarded as central to building a world
model (Ha & Schmidhuber, 2018a; Hafner et al., 2023). FFS is closely related to low-level computer vision
techniques, particularly when synthesizing temporally adjacent frames (Liu et al., 2017; Wu et al., 2022b; Hu
et al., 2023b). However, FFS differs from other low-level tasks by implicitly requiring a more sophisticated
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Figure 1: Structure of our taxonomy. We categorize future frame synthesis (FFS) approaches based on
the degree of stochasticity in the modeling paradigm.

understanding of scene dynamics and temporal coherence—traits typically associated with high-level vision
tasks. The key challenge is to design models that can achieve this balance efficiently, using a moderate
number of parameters to reduce inference latency and resource consumption, thereby making FFS practical
for real-world deployment. This unique positioning underscores the integral role of FFS in bridging the gap
between low-level perception & prediction, and high-level understanding & generation in computer vision.

Early FFS methods primarily followed two design approaches, and these algorithms are commonly referred
to as video prediction methods. The first approach involves referencing pixels from existing frames—
typically the last observed frame—to synthesize future content. However, such methods inherently struggle
to model the appearance and disappearance of objects. These methods tend to produce accurate short-term
predictions but degrade over longer time horizons. The second approach focuses on generating future
frames from scratch. While these methods hold the potential to model object emergence and disappearance,
they primarily operate at the pixel level. As a result, they often fail to capture high-level semantic context,
which is essential for realistic and imaginative generation.

Prior to our work, two surveys published in 2020 (Oprea et al., 2020; Rasouli, 2020) provide comprehensive
overviews of early technical developments in video prediction. More recently, several surveys have emerged
on text-to-video generative models (Liu et al., 2024b) and long video generation (Li et al., 2024; Sun et al.,
2024b). In contrast, our survey emphasizes recent advances and explores the interplay between predictive
and generative methodologies. We argue that the future of long-term FFS lies in the synergistic integration
of prediction and generation techniques. Such a unified approach integrates contextual constraints with
semantic understanding, enabling more robust and coherent synthesis.

The field of FFS is rapidly moving from traditional deterministic prediction to large-scale generative ap-
proaches as the latest video generative models continue to emerge. These models have made important
advances in parameter scales, generation lengths, control capabilities, and training strategies, injecting new
vitality. As a foundation, we introduce the problem formulation and core challenges in Section 2. Our
taxonomy is organized around the degree of stochasticity in modeling approaches. In Section 3, we present
deterministic algorithms that aim to perform pixel-level fitting based on fixed target frames. However,
pixel-level metrics tend to drive models to average over multiple plausible futures, often resulting in blurry

2



Published in Transactions on Machine Learning Research (07/2025)

predictions. In Section 4, we examine algorithms that enable stochastic motion prediction. These include
approaches that inject stochastic variables into deterministic models, as well as methods based on explicit
probabilistic modeling. Such methods enable sampling from motion distributions, yielding diverse yet plau-
sible predictions beyond the target frame. Given current FFS algorithms' limited generative capacity, espe-
cially for high-resolution videos involving object appearance and disappearance, we discuss the generative
FFS methods in Section 5. These methods prioritize producing coherent long-term sequences over pixel-level
accuracy. Figure 1 visually illustrates the taxonomy and serves as a structural guide for the subsequent
sections.

In Section 6, we explore the broad applicability of FFS in areas such as world model, autonomous driving,
robotics, �lm production, meteorology, and anomaly detection. These use cases demonstrate the role of FFS
in dynamic scene understanding and interaction. In Section 7, we review prior surveys on video prediction
and di�usion-based video generation. We also clarify our distinct focus: a comprehensive analysis of FFS
spanning from deterministic to generative paradigms, emphasizing the growing role of generative models in
producing realistic and diverse future predictions.

2 Future frame synthesis

2.1 Problem de�nition

The FFS task involves predicting future frames conditioned on previously observed video content. The
primary objective is to develop models capable of accurately capturing future visual dynamics. Formally,
this task can be formulated as a conditional generative modeling problem: given observed framesX t 1 :t 2 , the
goal is to generate future framesX t 2 +1: t 3 . This relationship can be expressed as the conditional probability
distribution:

X t 2 +1: t 3 � P(X t 2 +1: t 3 j X t 1 :t 2 ); (1)

In Eq. (1), t1 denotes the initial time step, t2 marks the end of the observed frame sequence, andt3 indicates
the �nal time step for FFS. The key challenge is to learn a mapping function that models the complex
spatio-temporal dependencies across frames. Here,P(X t 2 +1: t 3 j X t 1 :t 2 ) denotes the conditional probability
distribution over future frames given the observed sequence.

Many FFS algorithms incorporate multi-modal data M t 1 :t 2 including depth maps, landmarks, bounding
boxes, and segmentation maps, to enhance scene understanding. They may also include human control
signalsCt 2 +1: t 3 , such as text instructions or sketch-based strokes, which guide the model to generate future
sequences following speci�c intended trajectories:

X t 2 +1: t 3 � P(X t 2 +1: t 3 j X t 1 :t 2 ; M t 1 :t 2 ; Ct 2 +1: t 3 ) (2)

In multi-modal prediction methods, such as the recent auto-regressive prediction (Bai et al., 2024; Peng
et al., 2024; Ming et al., 2024), multi-modal information might serve as the learning target as well:

(X t 2 +1: t 3 ; M t 2 +1: t 3 ) � P(X t 2 +1: t 3 ; M t 2 +1: t 3 j X t 1 :t 2 ; M t 1 :t 2 ; Ct 2 +1: t 3 ) (3)

2.2 Paradigms and architectures

In the domain of FFS, three paradigms have emerged�deterministic, stochastic, and generative�each rep-
resenting a distinct modeling approach. Early deterministic methods are designed to minimize pixel-wise
error. This objective inevitably produces blurry averages, which in turn motivate stochastic formulations
that explicitly model uncertainty. Furthermore, the need for long-horizon and high-level plausibility pushes
the �eld toward fully generative paradigms.
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The deterministic paradigm emphasizes pixel-level �tting to �xed target frames, typically employing low-
level computer vision architectures such as Convolutional Neural Networks (CNNs) (Krizhevsky et al., 2012),
Recurrent Neural Networks (RNNs) (Rumelhart et al., 1985), Long Short-Term Memory (LSTM) (Hochre-
iter & Schmidhuber, 1997) and U-Net (Ronneberger et al., 2015). Recently, the Transformer architecture
has gradually challenged the dominance of traditional CNNs and RNNs. A landmark work, Vision Trans-
former (ViT) (Dosovitskiy et al., 2021), divides images into �xed-size patches and treats these patches as
sequences input into the Transformer for processing. Swin Transformer (Liu et al., 2021) further introduces
a hierarchical Transformer structure that handles features on di�erent scales through a local window self-
attention mechanism and progressively expanding receptive �elds. In low-level vision tasks, IPT (Chen et al.,
2021) employs pre-trained Transformers to address various low-level visual tasks. And Models like TimeS-
former (Bertasius et al., 2021) and ViViT (Arnab et al., 2021) utilize Transformers to process spatio-temporal
information in videos by combining video frames and time steps. During this period, models generally pursue
e�ciency and smaller parameter scales. This is constrained by the prevailing GPU computing power at the
time and aligns with their primary goal of addressing short-term, low-resolution prediction tasks.

For deterministic models, optimizing pixel-level metrics such as Peak Signal-to-Noise Ratio (PSNR) and
Structural Similarity (SSIM) (Wang et al., 2004) often leads to blurry outputs, as the models tend to average
over multiple plausible futures. Regarding the evaluation metrics, we will delve into the discussion in the next
subsection. Unlike deterministic models that usually optimize pixel-level metrics, the stochastic paradigm
introduces randomness into the prediction process by incorporating stochastic variables or distributions
to model the inherent uncertainty in video dynamics. This approach aims to capture the variability and
unpredictability of video sequences, often producing results that deviate signi�cantly from the ground truth.
Probabilistic models, such as Variational Autoencoders (VAEs) (Kingma & Welling, 2014) and Generative
Adversarial Networks (GANs) (Goodfellow et al., 2020), are commonly used to achieve this. This approach
does not necessarily aim to generate entirely new video content but rather to capture the variability in
future outcomes. The generative paradigm, on the other hand, prioritizes the synthesis of coherent and
plausible video sequences over pixel-level �delity. It leverages advanced generative models, such as di�usion
models and large language models (LLMs), to produce diverse and imaginative future frames that capture
complex scene dynamics, including object emergence and disappearance. Recently, di�usion models have
emerged as a powerful paradigm for generative tasks, including FFS. These models, such as DDPM (Ho
et al., 2020), learn to generate data by progressively denoising a random noise signal. Di�usion models like
Video Di�usion (Ho et al., 2022) and SVD (Blattmann et al., 2023a) have demonstrated remarkable ability to
produce high-quality, diverse, and temporally coherent video sequences. By leveraging the gradual denoising
process, these models can e�ectively capture complex scene dynamics and generate realistic future frames,
even for long-term predictions. Furthermore, �ow-matching models (Lipman et al., 2022; Dao et al., 2023)
and recti�ed �ow (Liu et al., 2022) have gained attention as an alternative approach to generative modeling,
o�ering improved e�ciency and scalability compared to traditional di�usion models. The rise of di�usion
models and large auto-regressive models is inextricably linked to the signi�cant growth in computational
resources in recent years and the widespread utilization of large-scale, high-resolution web video datasets.
As research evolves, the boundaries between these paradigms continue to blur, with growing e�orts to
integrate their strengths and build more capable and versatile FFS systems.

2.3 Overall challenges and development trends

The �eld of FFS faces several longstanding challenges, including the need for algorithms that balance low-
level pixel �delity with high-level scene understanding, the lack of reliable perceptual and stochastic evalua-
tion metrics, the di�culty of achieving long-term synthesis, and the scarcity of high-quality high-resolution
datasets that capture stochastic motion and object emergence and disappearance. This section outlines these
key challenges and sets the stage for further discussion.

2.3.1 Learning objectives and evaluation metrics

Low-level metrics such as PSNR and SSIM assess only the pixel-wise accuracy of predictions. To optimize
for these metrics, models are typically trained using pixel-space losses such as`1 or `2. They often lead to
blurry predictions that closely match the ground truth, rather than sharper and more realistic generations
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that deviate from it�a phenomenon known as the perception-distortion trade-o� (Blau & Michaeli, 2018).
As a result, researchers are increasingly exploring alternative evaluation metrics, including perceptual met-
rics (e.g., DeePSiM (Dosovitskiy & Brox, 2016), LPIPS (Zhang et al., 2018)) and stochastic metrics (e.g.,
IS (Salimans et al., 2016), FID (Heusel et al., 2017)). These metrics are believed to better align with human
perceptual judgments. However, even classi�ers trained on human-annotated perceptual data show limited
agreement with human judgments of image quality (Kumar et al., 2022).

In visual domains, models are typically evaluated based on the perceptual quality of their generated outputs.
However, for many practical applications, perceptual quality may not be the most critical factor. For
instance, Dreamer-V3 (Hafner et al., 2023) and VPT (Baker et al., 2022) have successfully built e�ective
world models using low-resolution frame sequences. Moreover, most visual representation learning methods
are developed using relatively low-resolution images (Radford et al., 2021; He et al., 2022). We are concerned
that an excessive pursuit of visual quality may bias model selection toward architectures that over�t low-level
features. Beyond aligning with human perceptual judgments, evaluation metrics should also be designed to
assess a model's capacity to capture scene dynamics and temporal variations. Moreover, we also need to
focus on how to leverage the capabilities of the FFS model to assist us in accomplishing more tasks (Agarwal
et al., 2025).

Regarding the quality assessment of video generative models, some more comprehensive evaluation systems
have been recently established. VBench (Huang et al., 2024) benchmark suite has been proposed to address
these concerns by providing a comprehensive evaluation framework for video generative models. VBench
evaluates video generative models comprehensively, covering perceptual quality, dynamics, temporal consis-
tency, content diversity, and prompt alignment for a holistic performance assessment. FVMD (Liu et al.,
2024a) designs explicit motion features based on key point tracking, focusing on evaluating motion consis-
tency in video generation. VBench-2.0 (Zheng et al., 2025) further focuses on the intrinsic faithfulness of
generative models, such as whether they adhere to real-world principles, including physical laws and com-
mon sense reasoning. Recently, some of the work has increasingly utilized multi-modal LLMs to evaluate the
generated results. For example, ViStoryBench (Zhuang et al., 2025) leverages GPT-4o (Hurst et al., 2024)
to assess the instruction-following ability generative models from multiple aspects. As people's pursuit of
generating realism gradually increases, the evaluation of real physical interaction and real-scene simulation
will be a promising research topic. Moreover, for FFS, we need to consider whether the generated results
are reasonable given the observed results.

Even with improved evaluation metrics, optimizing them during training remains a signi�cant challenge.
During training, researchers often use pre-trained ImageNet classi�ers as feature extractors (Johnson et al.,
2016; Kumar et al., 2022) to compare generated outputs with ground truth, thereby optimizing for both low-
level and high-level features. Additionally, various GAN-based loss functions have been proposed to enhance
the perceptual quality of generated outputs (Huang et al., 2017; Zhang et al., 2020b). Di�usion models
seem to bring signi�cantly stronger realism, but new issues such as slow convergence and high resource
consumption still require people to invest e�ort in exploring.

2.3.2 Long-term synthesis

Despite signi�cant progress in short-term video prediction, synthesizing events over extended time horizons
remains challenging due to long-term dependencies and complex object interactions in dynamic scenes. Naive
application of short-term models in an iterative manner often leads to rapid quality degradation (Wu et al.,
2022b; Hu et al., 2023b). Low-level vision methods such as DMVFN (Hu et al., 2023b) might primarily focus
on video prediction for a limited number of future frames, typically within 0.3 seconds. Owing to limited
model capacity for forming a comprehensive understanding of the real world, most existing video synthesis
models primarily model pixel-level distributions. When dealing with natural videos over long durations,
these models struggle to predict object dynamics while preserving visual quality. One promising direction
is to incorporate high-level structural information (Villegas et al., 2017; Ming et al., 2024). Leveraging
such higher-order representations helps models retain key details and maintain temporal consistency over
extended time scales. Utilizing the prior of large di�usion models, such as SVD (Blattmann et al., 2023a),
enables the generation of high-de�nition videos ranging from 2 to 4 seconds. However, we need appropriate
techniques to preserve the capabilities of these pre-trained models while unlocking their conditional gen-
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Figure 2: Dataset samples. We adjust the absolute resolution of the image for visualization while main-
taining the relative size relationships.

eration functionalities (Wang et al., 2025b; Yang et al., 2025). When generating longer videos, properly
handling physical interactions presents greater challenges (Agarwal et al., 2025).

2.3.3 Generalization

The interplay between data volume and model complexity jointly determines the upper bounds of an algo-
rithm's performance. Despite the vastness of video data available on the Internet, the scarcity of high-quality
video datasets suitable for video synthesis remains a limiting factor. Existing datasets often su�er from sim-
plistic data distribution, low resolution, and limited motion diversity. These limitations hinder the ability
of current video synthesis models to handle high-resolution content and large motion scales, thus restricting
their practical utility to diverse and unseen scenarios. High-resolution video synthesis is inherently challeng-
ing and requires substantial computational resources (Blattmann et al., 2023b). The computational burden
further complicates the real-time deployment in practical applications.

2.4 Datasets

The advancement of video synthesis models is highly dependent on the diversity, quality, and characteristics
of training datasets. A common observation is that the suitability of datasets varies with their dimension-
ality and size: lower-dimensional datasets, often smaller in scale, tend to exhibit limited generalization.
Conversely, higher-dimensional datasets o�er greater variability, contributing to stronger generalization ca-
pabilities. Generally, video complexity and resolution have increased in recent years, as shown in Figure 2.
In Table 1, we summarize the most widely used datasets in video synthesis, highlighting their scale and
available supervisory signals to provide a comprehensive overview of the current dataset landscape. For
datasets lacking detailed reports in their original papers or project pages, we estimate missing values using
mean or median statistics to ensure consistency across the analysis.
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