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ABSTRACT

Video prediction is one of the fundamental research problems in computer

vision, and it has a wide range of applications in planning and control for

robotics. Recent learning-based approaches show promising results on var-

ious video datasets, and some have seen successful applications in planning

robot arm motion. However, predicting future observations in a sequence

given a set of past images remains a challenging task in mobile robotics,

especially when the camera is in motion.

Early works in this area use deterministic approaches, which often yield

visually unintuitive results due to the intrinsic variability of motion in the fu-

ture. More recent works have adopted stochastic models to generate sharper

future frames. However, most methods do not account for camera motion

and perform poorly in scenarios with moving cameras when they are deployed

on vehicles and mobile robots.

To solve the challenging task of video prediction on mobile platforms, we

propose a geometry-based prediction framework that combines visual odom-

etry prediction and view synthesis. Based on a sequence of observed frames,

our method first predicts future camera poses and extracts the 3D geome-

try of the world, which are then jointly used to generate predicted future

frames. Specifically, we train a recurrent visual odometry prediction model

conditioned on raw RGB images with ground-truth pose labels. In addition,

we train SynSin, a view synthesis method to generate 2D images from novel

viewpoints using a 3D world representation. By combining these approaches,

we demonstrate that our hierarchical deterministic approach outperforms

previous stochastic works on the KITTI dataset.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Predicting future images in a video sequence conditioned on past images is

one of the central problems in computer vision. The ability to predict future

image observations of the world has a variety of applications in robotics,

including visual planning and control [1, 2, 3, 4], apparent latency reduction

[5, 6], and understanding the dynamics of the environment [7].

Early works in this field use deterministic models and have difficulty pre-

dicting sharp future frames due to the intrinsic stochasticity of motions of

the objects in the images [2, 8]. More recently, stochastic frameworks encode

the randomness in motion by learning a distribution of possible future images

to model this uncertainty and sample from this distribution at test time to

generate sharper images [9, 10, 11, 12].

However, most methods primarily focus on videos with static backgrounds.

Thus, they fail to generate sharp predictions on long-term sequences col-

lected with a moving camera. To handle camera motion, some works use

Figure 1.1: One Predicted Sequence from Our Method.
Ground-truth frames from the KITTI dataset [13] are compared against
predicted frames from our approach.
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Figure 1.2: One Predicted Pose Sequence from Our Method.
Ground-truth path of the camera is compared against the predicted path
from our pose predictor.

autoregressive networks to model 2D optical flow in the video sequence and

recursively generate future images from predictions, but only show marginal

improvements [12, 14]. This problem arises from both the incapability of 2D

dynamic models to capture 3D motion and the error accumulation in the

autoregressive prediction process.

1.2 Contributions

In this thesis, to tackle video prediction with a moving camera on mobile

robots, we propose a geometry-based approach with monocular visual odom-

etry prediction and view synthesis. Contrary to past works that only model

2D dynamics [12, 14], we model the dynamics of the video as a camera mov-

ing in the 3D world. We estimate the camera poses of observed frames using

an extension of DeepVO [15]. The encoded context in DeepVO is used to

predict the future motion of the camera. Given the predicted camera poses,
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we extract the 3D geometry of the world using SynSin [16] and generate the

2D prediction based on the new view position. The camera pose predictor

and the view generator are trained separately using ground-truth poses and

are combined together in testing. This two-stage training prevents the gradi-

ents of two tasks from distracting each other and thus improves the stability

of training.

Our model generates sharper images in long sequences compared to state-

of-the-art stochastic video prediction methods for two reasons. First, we

explicitly model the 3D geometry and camera motion rather than the 2D pixel

changes and optical flow induced by such motion. This 3D representation

of the world captures the underlying dynamics more accurately than its 2D

counterparts. Second, we mitigate error accumulation in the image space

by replacing the autoregressive image prediction process with a hierarchical

prediction approach. We predict high-level camera poses and use only a

single 3D representation of the world extracted from the last observed frame

to generate the future frames. In contrast to past autoregressive methods

that accumulate errors in the image space during recursive prediction, our

method predicts in the camera pose space which is much smaller and adds

structures to the input images. Thus, our method is able to generate sharp

future frames over long prediction horizons.

We present the following contributions: (1) We propose a novel frame-

work for video prediction in moving camera scenarios. (2) By estimating

and predicting the poses of the moving camera, our method captures the

dynamics of the videos and is able to generate sharper long-term predictions

than state-of-the-art baselines. (3) We demonstrate comparable performance

to state-of-the-art baselines on various metrics and outperform them on the

LPIPS metric [17].

1.3 Organization of the Thesis

This thesis is organized as follows:

In Chapter 2, we discuss related works of video prediction. We show the

challenges of the prediction task and the solutions provided by traditional

methods and recent learning-based methods as well as their limitations.

In Chapter 3, we discuss the problem formulation of the video prediction
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task and details about our method. We introduce the key components of

our prediction framework and how we combine them to solve the challenging

task of video prediction with camera motion.

In Chapter 4, we explain our experiments and results. We first introduce

the KITTI Visual Odometry Dataset [13], which we use to conduct our ex-

periments. Then, we present the evaluation metrics that we use to assess

our results. We introduce the three baselines that we compare our method

against. We also explain the implementation details of our method. Finally,

we analyze and present our qualitative and quantitative results and show our

findings.

In Chapter 5, we conclude our work and discuss the limitations of our

methods as well as potential future directions.
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CHAPTER 2

RELATED WORK

In this chapter, we discuss work related to the task of video prediction.

We present traditional methods which focus on building a 3D model of the

environment. In addition, we also show the recent progress in learning-based

methods as well as the challenges related to using learning-based approaches

in the prediction task. Finally, we discuss the difficulty that comes with

camera motion and present different approaches to tackle prediction with

camera motion.

2.1 Traditional Methods

Traditional methods for video prediction take advantage of the scene geome-

try and construct a 3D model of the surroundings to leverage for prediction.

Cobzas et al. propose a predictive display system that creates a scene model

consisting of a dynamic texture and geometric model [5]. The system then

uses the constructed 3D model to render new views at camera poses from the

desired motion from the operator. As a result, the method is dependent on

future motion input to compose future poses. Brudank uses a simpler model

and splits the 3D scene into the ground plane and far plane and predicts them

separately [6]. However, as shown in Figure 2.1, the model relies on the as-

sumption that the scene only consists of mostly ground and background that

is very far away from the camera (e.g., sky). When there are objects in the

environment that is close to the camera, the ground-far-plane assumption

no longer holds and will cause visual artifacts in the prediction process. In

contrast, our method produces a detailed 3D point cloud for modeling the

scene and does not rely on the assumption that the environment is simple.
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Figure 2.1: Examples of Scenarios that Ground-Far-Plane
Assumption Holds and Fails. In the top image, the assumption holds as
the highway is flat and there are no vehicles close by. In the bottom image,
the assumption fails as there are houses and a van close to the image which
exceed two planes.
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2.2 Learning-based Methods

As with other progressions in learning-based computer vision, learning-based

approaches show promising results in video prediction [18, 19, 20, 21, 22,

23]. However, the prediction results sometimes suffer from degraded quality

such as blurriness [24, 25]. Two possible causes of this degradation are the

averaging effect over all possible outcomes in the future [26] and compounding

errors during recursive pixel-level predictions [27, 28].

2.2.1 Challenges with Averaging Effect

Imagine a car at an intersection with the choice to go left and right and we

want to predict the image observation of the car at the next time step from

a bird’s eye view. If we do not know what action the car will take, then the

future image observation is a distribution over the two actions. In this case,

the network may predict an average of the two possible outcomes, resulting

in a blurred image prediction as shown in Figure 2.2.

Figure 2.2: Averaging Effect in Predicting Future Observation of a
Car.
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To alleviate the averaging effect, previous work has extensively investigated

the effect of stochasticity in video prediction. Modeling stochasticity helps

generate sharper predictions than deterministic methods [9, 10]. By choosing

one specific possibility at the generation time, the model avoids considering

other possible outcomes and thus generates a sharper prediction. Others

also use adversarial loss to generate realistic predictions by matching the

prediction to real images [4].

2.2.2 Challenges with Compounding Errors

A common practice in multi-step video prediction is to recursively feed pre-

viously predicted frames as input in order to predict frames further into

the future. Small errors in pixel-level prediction quickly accumulate in this

autoregressive process as shown in Figure 2.3.

To prevent compounding errors, some approaches use hierarchical pre-

diction and build a high-level structure on top of the raw pixels [29, 11].

Instead of directly predicting raw pixels, these approaches first convert ob-

served frames into high-level representations and propagate those represen-

tations through recursive prediction. In multi-step prediction, these models

can propagate within the high-level representation space until they reach

the desired time step into the future, where they reconstruct the image by

converting back from the propagated high-level representations.

Figure 2.3: Compounding Errors in Recursive Prediction Process.
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This process avoids the error accumulation in pixel space and thus leads

to higher prediction quality. For example, extracting and predicting with

human pose helps with predicting video sequences of human actions [29].

Another method by Franceschi et al. decouples frame synthesis from dynam-

ics and predicts future frames through propagating latent states with learned

dynamics [11]. This latent model shows advantages in modeling long-term

dynamics over non-hierarchical methods.

2.2.3 Challenges with Camera Motion

All the aforementioned approaches have shown decent results on both ar-

tificial and real-world datasets [8, 30, 31]. However, the experiments are

conducted on datasets with static backgrounds. Moreover, some approaches

explicitly assume a static background, and thus cannot generalize to settings

with a moving camera [29]. This assumption is especially problematic in

mobile robot and autonomous vehicle applications, where there is constant

camera motion. In contrast, our method predicts and utilizes the camera pose

to generate future frames, which generalizes well to datasets with dynamic

backgrounds caused by camera motions.

2.3 Video Prediction with Camera Motion

To overcome the challenges caused by a moving camera, recent methods

try to explicitly model optical flow induced by camera motion. Akan et

al. propose an extension to pixel-to-pixel stochastic models by adding a

component that predicts future optical flow [12]. Then the method combines

the pixel prediction and the prediction from optical flow using a learned

mask. Sarkar et al. decompose the motion into camera and object motion

by separately predicting the velocity and acceleration of the pixels [14]. Both

approaches attempt to model the 2D projections of the dynamics and motion

without explicitly modeling the 3D world. In contrast, we explicitly model

the 3D world from the last observed image and use it to generate predictions.

Another line of work combines learning-based prediction with the geom-

etry of the world. Mahjourian et al. propose an approach that uses the

image frame, estimated frame depth, and ground-truth camera trajectory

9



Figure 2.4: Optical Flow Caused by Camera Motion. The camera is
attached to a vehicle driving forward on the road. Pixels move toward the
camera as shown by the arrows.

to render new predictions [32]. Such geometry-based approaches generate

sharper images than pixel-to-pixel prediction models but also possess flaws.

One of the biggest challenges that geometry-based methods face is imagining

the unseen areas of the world, and the approach leaves those areas blank

when they become disoccluded in the predicted images. Furthermore, an-

other limitation of previous geometry-based approaches is that they rely on

additional ground-truth information about future camera poses at test time.

Such information is not available in the real world. In contrast, our method

does not require ground-truth future poses of the camera at test time, and

our view synthesis model is able to inpaint unseen parts of the world.

Finally, there is a concurrent work dealing with geometry-based video pre-

diction using view synthesis [33]. While this work similarly combines view

synthesis and pose prediction to generate future frames, we use a novel pose

prediction module consisting of a state-of-the-art visual odometry model and

a decoder Long Short-Term Memory (LSTM) network. Our method can

condition on long-horizon, variable-length observations with our recurrent

framework, while the concurrent work conditions its poses on a short, fixed

sequence of input frames. Moreover, our pose predictor module also benefits

from an auxiliary loss from the poses of conditioning frames in the training

process.
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CHAPTER 3

METHODOLOGY

In this chapter, we first formulate the video prediction problem. We then

describe fundamental components of our proposed architecture including vi-

sual odometry, future camera pose prediction, and view synthesis. Finally,

we present our combined hierarchical framework for geometry-based video

prediction to solve the challenges that come with camera motion.

3.1 Problem Formulation

In the general video prediction problem, given a sequence of video frames

x1:t−1 from time 1 to t−1, we want to predict the next T+1 frames x̂t:t+T . In

our work, we adopt a hierarchical approach towards the prediction problem.

Instead of directly predicting the image frames xt−1:t+T , we first predict the

future relative camera transformations between frames, which are denoted

as:

p̂t:t+T ≜
{
P̂ i+1
i

}t+T−1

i=t
, (3.1)

where P̂ i+1
i is the predicted transformation from frame xi to frame xi+1. Sim-

ilarly, we denote the ground-truth relative camera transformations between

all frames as p1:t+T . We utilize the predicted relative transformations p̂t:t+T

along with the 3D geometry extracted from the last observed frame xt−1 to

predict x̂t:t+T . During training, we assume to have access to ground-truth

video frames x1:t+T and ground-truth relative transformations p1:t+T . And

during testing, we only use the conditioning video frames x1:t−1 as input and

does not rely on additional ground-truth information about relative trans-

formations.
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Figure 3.1: DeepVO Architecture. DeepVO takes pairs of monocular
images in a sequence and outputs the relative pose between them.

3.2 Deep Visual Odometry

We first discuss a method for visual odometry used to estimate the rela-

tive changes in the camera poses of the conditioning frames x1:t−1. We

adapt DeepVO, a recurrent convolutional neural network (RCNN), to en-

code a sequence of raw RGB images and estimate the relative change in

camera poses between pairs of consecutive frames [15]. Specifically, pairs of

consecutive frames in x1:t−1 are first stacked in the color channels to form

the sequence x̄ = {x1:2, x2:3, ..., xt−2:t−1}. Each stacked pair in x̄ is encoded

through a convolutional neural network (CNN) encoder to generate features

z = {f (x1:2) , ..., f (xt−2:t−1)}. Each feature is then passed through a Long

Short-Term Memory (LSTM) to sequentially predict relative pose transfor-

mations p̂1:t−1 = {P̂ 2
1 , ...P̂

t−1
t−2 }. The LSTM helps track the temporal changes

in the motion. Formally, at step i, the previous hidden state hDV
i from the

LSTM and feature f(xi:i+1) are fed into the LSTM to generate the relative

pose P̂ i+1
i and the next hidden state hDV

i+1:(
hDV
i+1, P̂

i+1
i

)
= LSTM

(
hDV
i , f (xi:i+1)

)
. (3.2)
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Figure 3.2: Decoder LSTM Architecture. The decoder LSTM
initializes with the last hidden state hDV

t−1 from the LSTM in DeepVO and
outputs pose prediction recursively.

3.3 Future Camera Pose Prediction

After DeepVO estimates the relative camera pose transformations p̂1:t−1 of

the conditioning frames x1:t−1, we use a decoder LSTM to predict future rela-

tive pose transformations p̂t:t+T of the future camera frames xt:t+T . First, our

decoder LSTM is initialized with the final hidden state hDV
t−1 of the LSTM in

the DeepVO network. This initialization process helps our decoder network

to acquire rich contextual information from the conditioning frames. If we

only use the relative pose estimations p̂1:t−1 of the conditioning frames, we

may lose important visual context in the conditioning frames, e.g., a turn

in the road ahead. Similar to [29], we generate sequences from our decoder

solely from the hidden context in the last hidden state hDV
t−1 without any ad-

ditional inputs. Our model outputs more accurate sequences because this

formulation avoids the error accumulation that occurs in other recursive ap-

proaches where the model feeds past pose predictions back as input. Taking

the last hidden state hDV
t−1 from DeepVO as input, the decoder LSTM outputs

prediction sequence of future relative pose transformations p̂t:t+T .

At the first prediction step t, the decoder LSTM uses the initial hidden

state hDV
t−1 to predict the relative pose transformation P̂ t

t−1 between frames

xt−1 and xt and generate the next hidden state hdec
t . The decoder LSTM

similarly generates the rest of the predicted future transformations p̂t+1:t+T

as follows:

(
hdec
i+1, P̂

i+1
i

)
= LSTM

(
hdec
i

)
. (3.3)
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The pose estimations from DeepVO and the future pose predictions from

our decoder LSTM constitute the complete sequence of generated relative

pose transformations p̂1:t+T for both observed and future video frames. When

training DeepVO and the future pose decoder on a sequence of image and

pose data, we first convert each generated relative predicted pose transfor-

mation from the outputs into absolute transformations with respect to x1:{
P̂ i+1
i

}t+T−1

i=1
→

{
P̂ j
1

}t+T

j=2
. (3.4)

We denote the sequence of converted transformation predictions as:

p̂11:t+T ≜
{
P̂ i+1
1

}t+T−1

i=1
, (3.5)

where P̂ i
1 is the predicted transformation from frame x1 to frame xi. The

ground-truth pose sequence is similarly converted into absolute coordinates

with respect to x1. We denote the converted ground-truth transformations

as p11:t+T . Converting to absolute transformations with respect to the first

frame allows the network to learn the global context of the sequence instead

of only focusing on the relative poses between consecutive frames. Small

errors in the relative pose output can be corrected in the next estimation or

prediction by the global context from absolute transformations.

Similar to [15], we then compute the mean squared error (MSE) between

p̂11:t+T and the ground-truth poses p11:t+T as follows:

LPP =
∥∥∥ζ̂ − ζ

∥∥∥2

2
+ 100 ·

∥∥∥ϕ̂− ϕ
∥∥∥2

2
, (3.6)

where the pair
(
ζ, ζ̂

)
constitutes the ground-truth translation and predicted

translation respectively from p11:t+T and p̂11:t+T . Similarly,
(
ϕ, ϕ̂

)
repre-

sents the ground-truth rotation and predicted rotation sequences respectively.

When training, the gradients from the error between p11:t−1 and p̂11:t−1 only

backpropagate through the DeepVO network, acting as an auxiliary loss to

improve pose prediction accuracy. The gradients from the error between

p1t:t+T and p̂1t:t+T backpropagate through both our decoder LSTM network

and DeepVO. Through this training process, our pose predictor learns to

capture the motion of the camera and the visual context from conditioning

frames and predict the motion for future video frames.
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Figure 3.3: SynSin Architecture. SynSin takes a monocular image and a
relative pose as input and outputs a new view at the pose.

3.4 View Synthesis

We use SynSin, an end-to-end view synthesis framework, to generate a se-

quence of images at new camera views based on a single RGB image and a

sequence of relative pose transformations [16]. Given an input RGB frame

xi and a relative pose transformation P j
i , we synthesize the RGB frame x̂j,

which corresponds to the image of the scene from the new viewpoint.

To capture the scene semantics, the input frame xi is first passed through

a spatial feature network f and a depth regressor network d in parallel to

generate a set of spatial features Fi and estimated depth map Di respectively.

The spatial feature network is adapted from BigGAN [34] and uses ResNet

[35] as building blocks. The depth regressor network uses the U-Net archi-

tecture [36] and outputs depth maps of the same spatial resolution as the

input images. The spatial features Fi and depth map Di are then projected

to a 3D point cloud of spatial features C.

This point cloud C is then passed through a differentiable point cloud ren-

derer to generate the spatial features Fj from the new viewpoint according to

the relative transformation P j
i . The rendered spatial features Fj that corre-

spond to the new viewpoint are then passed through a refinement network g,

which consists of ResNet blocks similar to the spatial feature network f . The

refinement network g inpaints of the dis-occluded regions and corrects local

errors from the rendering process. Finally, the refinement network outputs

our final predicted frame x̂j.

15



SynSin can be trained end-to-end on pairs of monocular RGB images and

the relative poses between the pairs. It does not require direct supervision

from ground-truth depth labels. As a result, SynSin can generalize better to

real-world datasets and applications as complete depth information is rarely

available in real-world scenarios. The SynSin architecture is trained with the

following loss function [16]:

LSS = λGANLGAN + λl1Ll1 + λcLc, (3.7)

where LGAN , Ll1, and Lc refer to the discriminator loss, L1 loss and con-

tent loss respectively. The gradients from the loss function backpropragtes

through the whole SynSin architecture as every component of SynSin, in-

cluding the point cloud renderer, is differentiable.

3.5 Combined Architecture

We combine the visual odometry, future pose prediction, and view synthe-

sis components to create our proposed framework. Given a set of condi-

tioning frames x1:t−1, we concatenate pairs of consecutive frames to form

x̄ = {x1:2, x2:3, ..., xt−2:t−1}. Each element in x̄ is passed through DeepVO to

generate a set of predicted relative pose transformations p̂1:t−1 between the

conditioning frames and hidden states hDV
1:t−1. We then initialize our decoder

LSTM using the last hidden state hDV
t−1 from DeepVO and sequentially gen-

erate a set of future pose predictions p̂t:t+T based only on the context from

the hidden state hDV
t−1.

Using the future pose predictions p̂t:t+T , we then generate the set of pre-

dicted frames x̂t:t+T in two steps. First, we convert the relative transfor-

mations in p̂t:t+T to transformations with respect to last conditioning frame

xt−1. This produces the converted transformations:

{
P̂ i
i−1

}t+T

i=t
→

{
P̂ j
t−1

}t+T

j=t
. (3.8)

We then feed the converted transformation predictions and the last condi-

tioning frame xt−1 through SynSin to generate x̂t:t+T . Our combined archi-

tecture is visualized in Fig 3.4. Contrary to past works, our work does not

generate a sequence of video frames recursively, i.e., use a predicted frame

16



Figure 3.4: Architecture Overview. (a) A sequence of conditioning
video frames x1:t−1 is passed in as an input. (b) DeepVO (in blue) predicts
the relative pose transformations p̂1:t−1 of the conditioning images. (c) The
future pose predictor (in purple) takes the final hidden state of DeepVO as
input and predicts future transformations p̂t:t+T . (d) SynSin (in yellow)
conditions on the final ground-truth input frame and the sequence of
converted future poses that are relative to frame xt−1 to generate predicted
images x̂t:t+T .

x̂i−1 to generate frame x̂i [9, 12]. To predict a future image xt+τ , we only use

the predicted pose P̂ t+τ
t−1 and the last conditioning frame xt−1 to synthesize the

image. In other words, we only predict in image space once for every future

image we generate. This design choice mitigates the accumulation of predic-

tion error across long sequences and thus helps with the overall performance

of our model.
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CHAPTER 4

EXPERIMENTS

In this chapter, we first introduce the KITTI dataset that we use to con-

duct our experiments. We evaluate the performance of our framework on the

KITTI dataset and compare it against state-of-the-art video prediction meth-

ods. We discuss the metrics used for evaluation and the baseline methods

and ablations that we compare to. We discuss the implementation details for

our method and the three baseline methods. We present our experimental

results and discuss their implications. Finally, we show the limitations and

failure cases of our method.

4.1 KITTI Dataset

The KITTI Visual Odometry dataset is used to train and evaluate our

method and baselines [37]. The dataset is collected on a vehicle equipped with

stereo cameras and LIDAR driving in different environments. The dataset

consists of 22 sequences, and we use the subset of 10 sequences that are pub-

licly available online and have ground-truth pose trajectories. We only use

monocular RGB image sequences and the odometry labels from the dataset.

For preprocessing, the raw images are center-cropped and resized to a

square 256x256 resolution to reduce the computation need. We train and

test our adapted DeepVO network and our decoder LSTM network on the 10

cropped monocular image sequences as well as the ground-truth pose labels.

Similarly, SynSin is trained independently on the same subset of images and

pose labels with the same center-crop preprocessing.
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Figure 4.1: An Example of KITTI Sequence. A typical sequence in the
KITTI dataset [13] where the vehicle drives forward on the road.

4.2 Evaluation Metrics

We assess the performance of our framework and baselines with the following

evaluation metrics:

1. Peak Signal-To-Noise Ratio (PSNR): PSNR computes a pixel-wise

distance between two images a and b, closely related to mean squared

error (MSE) as:

PSNR(a, b) = 10log10

(
R2

MSE(a, b)

)
, (4.1)

where R is the maximum possible value of a pixel in an image. The

higher the PSNR, the better the similarity score.

2. Structural Similarity (SSIM): SSIM computes the similarity be-

tween two images as a mean of the similarity within local windows of
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Figure 4.2: Center-Crop Process. Note that the resolution of the raw
KITTI image can change but we always resize it down to 256 × 256.

the images, accounting for luminance, contrast, and structure [38]. A

higher SSIM value typically indicates more similar images.

3. Learned Perceptual Image Patch Similarity (LPIPS): LPIPS

measures the perceptual similarity between patches in two images via

a trained convolutional neural network [17]. Generally, a lower LPIPS

score indicates more perceptually similar images.

While Peak Signal-to-Noise Ratio (PSNR) is a classic metric for indicat-

ing image similarity, it is not necessarily informative in its assessment of

the visual quality of the images. As PSNR is closely linked to MSE, blurry

and often imperceptible images may obtain a higher PSNR compared to

sharper, more visually interpretable and similar results. As such, metrics

like SSIM and, more recently, LPIPS provide a more meaningful evaluation

of images through the explicit consideration of perceptual similarity. Partic-

ularly, LPIPS has been shown to be far more indicative of similarity in terms

of human perception compared to other classic metrics, including SSIM [17].
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4.3 Baselines

We compare our method against three state-of-the-art methods in video pre-

diction: SVG [9], SRVP [11], and SLAMP [12].

4.3.1 SVG

SVG [9] is a stochastic video generation model that consists of two compo-

nents: (1) a recurrent frame prediction model and (2) a recurrent learned

prior model that captures uncertainty in the conditioning frames through

stochastic latent variables. For inference, the prediction model uses samples

from the distribution in the learned prior model and the encoded conditioning

frames to generate prediction outputs.

4.3.2 SRVP

SRVP [11] is a hierarchical method that uses a latent model to capture the

underlying dynamics of the video. Unlike SVG and other autoregressive

stochastic prediction models, SRVP does not feed prediction frames back to

the model to generate new predictions. Instead, SRVP propagates through

its learned latent dynamic model with a residual update rule. For generating

image predictions, SRVP uses only the latent state but not previous predic-

tion results. As a result, SRVP decouples the frame synthesis process from

the temporal dynamics. SRVP is thus less prone to compounding error in

the multi-step video prediction process.

4.3.3 SLAMP

To overcome the challenges from camera motion, SLAMP [12] uses an exten-

sion of the SVG architecture and adds a pixel motion prediction branch to

the SVG prediction model. In addition to predicting the pixel appearance,

SLAMP also predicts the future optical flow. SLAMP captures the uncer-

tainty in appearance and motion by modeling them in separate stochastic

latent variables. SLAMP then samples from these latent variables to gener-

ate appearance and motion predictions. The optical flow from the motion
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prediction is used to reconstruct the image prediction through warping. Fi-

nally, SLAMP applies a learned mask on images from both the appearance

and motion predictors to generate the final prediction output. By modeling

the pixel motion explicitly in a new prediction branch, SLAMP can capture

the pixel dynamics with camera motion better than SVG.

4.4 Ablations

In addition to comparing our proposed method against the aforementioned

baselines, we use ground-truth 3D pose inputs for the view synthesis module

as ablations for testing maximum theoretical performance given a perfect

pose predictor. In the KITTI dataset, the camera is rigidly attached to a

vehicle driving on the ground, so we also perform an ablation using only

2D poses (i.e., 2D positions and yaw headings). Compared to using full 3D

poses, using 2D poses lose information about possible changes in elevation

and angular movements in the pitch and roll axes.

4.5 Implementation Details

For our method and the three baseline methods, we train and test on the

10 publicly available sequences from the KITTI Odometry dataset [37]. We

use six sequences for training, two for validation, and two for testing. For

preprocessing, we center-crop and resize the images to the resolution of 256

× 256. We condition all prediction models on 10 input frames and predict

the next 10 frames in training. For testing, we let the models predict the

next 20 frames given 10 input frames.

The three baseline models only accept lower resolution input including

64 × 64. Therefore, we extend the image encoder and decoder by adding

additional convolutional and pooling layers to accept 256 × 256 input. For a

fair comparison, we use the same extension on SVG and SLAMP since they

are very similar in terms of network architecture.

While the three baseline models only use image data to train, our method

uses ground-truth poses in addition to the images from the dataset to train

the visual odometry prediction module and the view synthesis module. We
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train both modules separately and combine them at the test time. At the

test time, our method uses only conditioning image sequences as input and

does not rely on ground-truth pose labels. It is also theoretically possible to

train both modules together with only image data in an end-to-end fashion.

For the visual odometry prediction module, instead of predicting 3D cam-

era poses, we predict in 2D because the vehicle is driving on the ground in the

KITTI dataset. We observe that the visual odometry prediction model learns

to predict 2D poses better as they are simpler compared to full 3D poses.

Using 2D poses results in better performance for the combined model. Com-

pared to the original DeepVO LSTM network, we reduce the hidden state

feature size from 1000 features to 50 features and the number of recurrent

layers from 2 layers to 1 layer. We discover that a small and shallow recurrent

network helps with the overall performance. We use the same parameters in

the decoder LSTM to make sure the sizes of hidden states match. The match-

ing sizes allow us to use the last hidden state from the LSTM in DeepVO to

directly initialize the decoder LSTM for pose prediction. We feed zero input

to the decoder LSTM to make sure it only relies on the information from the

hidden state.

In the view synthesis module, we first estimate the depth and extract fea-

tures from the last observed frame. We use inverse depth to handle the

long-tail distribution of depth in the outdoor KITTI scenes. The module

then uses the depth and extracted features to create a 3D point cloud repre-

sentation of the scene geometry. Using the relative transformation between

the camera pose in the last observation and predicted future camera poses,

we render new 2D views as our image predictions.

4.6 Results

We compare the performance of our method against the baseline methods

on the KITTI dataset. We show that our method outperforms the baselines

both qualitatively in terms of visual quality and quantitatively on the LPIPS

metric. We also discuss the implications of our results and the limitations of

our method.
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4.6.1 Qualitative Results

Qualitatively, our method produces sharp and realistic predictions into the

future. An example of a generated sequence from the baselines and our

method can be seen in Figure 4.4. Compared to the baselines, our method

generates predictions that remain sharp even at long time horizons, whereas

the prediction image quality of our baselines quickly degrades over time and

suffers from blurriness and visual artifacts. While our method also has imper-

fections in depth estimation and image reconstruction, there are significantly

fewer visual artifacts and the resulting images are of much higher visual qual-

ity. Unlike the baselines, our method uses a hierarchical approach and only

generates image prediction once at the desired time step. As a result, our

method does not suffer as much from blurriness and error accumulation in

the image space as the autoregressive baselines. Even with errors in the vi-

sual odometry prediction process, the resulting images remain sharp, though

from a slightly different viewpoint.

Figure 4.3: Visual Odometry Prediction Results from Our Method.
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Figure 4.4: Predicted Sequences from SVG, SRVP, SLAMP, and
Our Method.

25



4.6.2 Quantitative Results

Table 4.1 showcases the performance of each of the baselines, ablations, and

our method on the test set of the KITTI Odometry Dataset. We found

similar results for SVG, SRVP, and SLAMP to their original respective works

on the PSNR, SSIM, and LPIPS metrics. Our method reaches slightly worse

performance than the state-of-the-art results for PSNR and SSIM metrics

but significantly outperforms them on the LPIPS metric. The high LPIPS

score suggests that the future frames generated by our model have a far

higher perceptual similarity to the ground-truth frames. We attribute the

high performance of our model on the LPIPS metric to two key factors, a

more accurate model of the pixel motion and a hierarchical approach that

avoids error accumulation in image space.

In the dataset, the motion of the camera in the surrounding 3D world

induces the movements in 2D pixels. Unlike the baselines models that only

model 2D pixels and optical flow, our method models the underlying camera

motion and 3D geometry. Thus, our model can better capture the dynamics

of pixel motion and thus achieves higher visual quality than the 2D-only

baselines.

Table 4.1: PSNR, SSIM, and LPIPS results for SVG [9],
SRVP [11], and SLAMP [12], our method, and ablations on the
KITTI dataset. ↑ denotes higher values are better while ↓ means lower
values are better. Stochastic baselines are tested with both sampling one
result as well as taking the best result over 100 samples. Ablation results
are found by feeding ground-truth (GT) poses from KITTI into SynSin.

Models PSNR (↑) SSIM (↑) LPIPS (↓)

SVG - 1 Sample 12.244± 0.076 0.396± 0.003 0.663± 0.004
SVG - 100 Samples 12.268± 0.076 0.397± 0.003 0.661± 0.004
SRVP - 1 Sample 12.482± 0.068 0.407± 0.003 0.727± 0.003
SRVP - 100 Samples 13.504± 0.070 0.433± 0.003 0.698± 0.003
SLAMP - 1 Sample 12.539± 0.080 0.402± 0.003 0.595± 0.004
SLAMP - 100 Samples 12.714± 0.082 0.408± 0.003 0.588± 0.004
Ours 11.301± 0.091 0.337± 0.004 0.452± 0.006

GT 2D Pose + SynSin 12.727± 0.108 0.386± 0.004 0.380± 0.006
GT 3D Pose + SynSin 12.897± 0.107 0.393± 0.004 0.380± 0.006
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Figure 4.5: The Average PSNR over Time during Testing.

Figure 4.6: The Average SSIM over Time during Testing.
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Figure 4.7: The Average LPIPS over Time during Testing.

In addition, our method uses a hierarchical approach when generating

image predictions multiple steps into the future. In our method, we first pre-

dict the future camera poses using only the information from the last hidden

state in DeepVO. At the desired time step, we use the predicted pose and

the last conditioning frame to generate the new predicted view. In contrast,

SVG and SLAMP feed prediction as input recursively in order to generate

long-term predictions. Prediction error in image space accumulates in this

autoregressive process, while our method avoids such error accumulation by

using conditioning frames as input and only predicting once to generate the

final output.

For both baselines and our method, the metrics become worse as we predict

further into the future as shown in Figure 4.5, Figure 4.6, and Figure 4.7. The

degradation in the quality of predictions is expected as the image observations

become harder to predict over time.
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Even though SRVP performs the best in terms of PSNR and SSIM, it ac-

tually shows the worst performance among all methods in the LPIPS metric.

This observation suggests that higher PSNR and SSIM may not directly cor-

relate to higher perceptual similarity. This finding is further supported when

comparing the prediction results qualitatively.

Compared to the ablations with ground-truth poses, our method shows

comparable performance. In addition, using only 2D poses shows similar

performance as using 3D poses, which supports the usage of 2D poses in the

visual odometry prediction.

4.6.3 One-shot Prediction Performance and Stochasticity

Unlike the stochastic baselines, our model is fully deterministic. Stochastic

prediction models benefit from modeling the intrinsic uncertainty in motion.

A common practice is to use multiple inferences in test time and choose the

best sample by comparing with the ground-truth future frames. In real-life

applications, ground-truth future images will not be available as predictions

are only valuable when there is no ground-truth information. In those sce-

narios, it is thus impossible to determine which of the generated predictions

from the multiple inferences fits the best. In other words, models need to

have good one-shot performance, and sampling multiple times is infeasible

in practice. In addition, compared to methods that use multiple samples,

our method only requires one inference for predicting the future and reduces

computing time, which is an important factor in real-time applications in

robotics.

Theoretically, stochastic models should benefit from sampling multiple

times since the larger number of samples would cover a wider distribution

of future outcomes, making it more likely to match the actual future frame.

However, we observe minimal gain when using 100 samples in SVG and

SLAMP when compared to using one sample. This observation suggests

that stochastic models may not benefit from having stochasticity in our ex-

periment scenarios.
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4.6.4 Interpretability

Unlike the other methods that rely on 2D models and dynamics, our method

has better interpretability due to its 3D world model and hierarchical design.

Instead of predicting 2D pixels and optical flow, we explicitly predict camera

motion in the 3D world. The camera motion and 3D geometry generated

by our model is more easily interpretable than latent models like SRVP. The

poses generated by our high-level pose predictor and 3D geometry generated

by our view synthesis module are also useful in applications like robotics and

autonomous driving.

Figure 4.8: Our Predicted Pose and Images on a Curved Path.
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In Figure 4.8, we compare the visual odometry prediction module against

the ground-truth camera pose. In the scene, the model is able to successfully

predict the slight left turn based on the conditioning frames. The model

learns the semantic meanings from the scenes and generates predictions that

correspond to the surroundings.

4.6.5 Limitations

In the KITTI dataset, most parts of the image are static, while there are some

dynamic objects including other vehicles and pedestrians. Since our method

only uses the last conditioning frame to construct the 3D model of the scene,

the 3D model is inherently static as we cannot extract object motion from

a single frame. As a result, our method cannot model dynamic objects in

the scene. For instance, if a bike is approaching the vehicle, the method is

not able to predict the movement so the bike stays in place in the predicted

frame as if it is static as shown in Figure 4.9.

Figure 4.9: Failure Case when Predicting Dynamic Objects. The
bike is approaching the camera, but it is fixed in space in our prediction
frame.
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Figure 4.10: Failure Case when Inpainting Large Unseen Areas.
The vehicle is turning left in the sequence, resulting in large unseen areas
on the left of the prediction frames, which our method fails to inpaint.

There are also cases where the vehicle makes large turns into environments

that do not overlap with the conditioning frames. Even though the refinement

network in our SynSin view synthesis module can account for small unseen

areas, it fails to inpaint large regions as seen in Figure 4.10.
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CHAPTER 5

CONCLUSIONS

We propose a novel geometry-based approach for addressing the issue of cam-

era motion in mobile robotics, integrating monocular visual odometry predic-

tion and view synthesis to produce a hierarchical video prediction framework.

Our model captures the camera motion across the conditioning frames and

predicts future camera poses, which are used in tandem with the last con-

ditioning frames to generate future frames. Due to the capability of our

framework to account for camera motion, our model outperforms state-of-

the-art video prediction methods such as SVG, SRVP, and SLAMP in terms

of LPIPS metric and visual quality on the KITTI dataset. We believe that

the approach to account for camera motion in our method is generalizable

and can be integrated into other models and frameworks to enhance perfor-

mance in scenarios with non-stationary cameras. However, our method also

has limitations including the inability to predict dynamic object movements

in the scene as well as the failure to inpaint large unseen areas. Recent view

synthesis methods show promising results in capturing dynamic environments

from multiple views [39, 40]. There is also success in inpainting large parts

of unseen areas using generative methods [41]. Possible future works could

explore (1) extracting the motion of dynamic objects and higher-quality 3D

geometry from multiple conditioning frames in the video sequence by using

dynamic multi-view view synthesis approaches, (2) improving the inpainting

capability of our model by using better generative methods, and (3) enhanc-

ing the pose prediction framework to more accurately generate future poses.
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