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Abstract

The task of visual forecasting deals with pre-
dicting future events from a sequence of in-
put images. Purely pixel-based approaches
find this challenging due to the presence of ab-
stract concepts and temporal events at differ-
ent timescales. In this paper, we present an ap-
proach that combines image captioning with
pre-trained language models to predict visual
futures. By leveraging language as an inter-
mediate medium, our model is able to perform
more effective temporal reasoning on two dif-
ferent tasks — visual story cloze and action
forecasting. Despite making the final predic-
tions using only the generated captions, our
approach outperforms state-of-the-art systems
by 4% and 6% respectively on the two tasks.
We find that our model consistently picks im-
ages/actions that are semantically relevant to
the given image sequence instead of simply re-
lying on visual similarity.’

1 Introduction

Predicting future events based on past observations
is useful for autonomous agents to navigate the
world. Several recent works in computer vision
and reinforcement learning have developed mod-
els that learn to predict or generate future obser-
vations (Xu et al., 2018; Isola et al., 2017; Ebert
et al., 2018), with one goal being to use such predic-
tions to inform control policies (Ha and Schmidhu-
ber, 2018; Hafner et al., 2019a; Schrittwieser et al.,
2020; Hafner et al., 2019b).

However, such approaches usually work directly
on pixel-based inputs (or build on top of visual
features from pre-trained models), which makes it
challenging to accurately capture and reason over
varying levels of temporal abstraction. In this pa-
per, we explore the use of natural language as a
medium for predicting visual futures, building on
recent insights that pre-trained language models

!Code provided in supplementary material.

can perform temporal reasoning (Vashishtha et al.,
2020; Han et al., 2020). Specifically, we first use
image captioning to describe frames in a sequence
of images, and then train a model that can reason
temporally over the generated captions to predict
future events. For the latter, we make use of pre-
trained language models such as RoBertA (Liu
et al., 2019) and fine-tune them to predict the re-
quired quantity in the future (e.g. picture that com-
pletes a story or an anticipated action). As our
experiments show, our use of captions allows for
temporal reasoning over a diverse set of abstract
concepts and timescales.

We compare our method with existing models
on two tasks — (1) visual story cloze, where the
goal is to pick an image that completes a sequence
of images to form a coherent story, and (2) action
forecasting, where a model has to predict a future
action. Surprisingly, despite not using image fea-
tures to make the final predictions and relying only
on captions, our approach outperforms the base-
lines on both tasks, by 4% and 6%, respectively.
Our analysis reveals that most of this gain comes
from the language model leveraging the high level
concepts in the generated captions to predict se-
mantically coherent future events.

2 Related Work

Future forecasting in vision and NLP Recent
work has explored ideas around generating future
images (Villegas et al., 2019; Ha and Schmidhu-
ber, 2018; Hafner et al., 2019a; Schrittwieser et al.,
2020; Hafner et al., 2019b), inferring trajectories
and future actions based on past observations (Zeng
et al., 2017), or predicting temporal orderings (Sig-
urdsson et al., 2016). These approaches require
learning good visual feature representations that
can capture temporal structure, which inherently
makes it challenging to model long-range temporal
events since capabilities like object tracking (Yil-
maz et al., 2006) and optical flow (Fortun et al.,



Figure 1. (Left) Visual forecasting f@tory Clozegiven a set off context images, a model is tasked to predict the
most likely future image among candidate images. Pixel-based approaches such as (Zeng et al., 2017) make an
incorrect predictiond,) since they rely heavily on visual similarities rather than semantic consistency or temporal
reasoning (e.g. "cooking on the grill" results in a "plate of cooked chicken™). Our approach generates captions for
all the images and uses the generated text to rank all the candidate completions with a language model (right).

2015) are more suited for prediction over shorteimage continuing the temporal sequence, gnd
timescales ( 10-20 seconds). In our work, we represents a property based on that image (e.g. an
leverage the textual modality to better reason oveaction or an image that completes a story). In this
various timescales (e.g. minutes, hours, days). work, we consider only discriminative predictions
Future forecasting in NLP includes story endingand do not generalg .
prediction (Mostafazadeh et al., 2016; Cui et al., Prior approaches train a model to directly predict
2020; Cai et al., 2017; Chaturvedi et al., 2017; Liyplx 1qusing the input image frames. We wish to
et al., 2019; Chen et al., 2019), temporal orderindeverage image captioning to assist with this pre-
anticipation (Ning et al., 2020, 2018; Zhou et al. diction. Therefore, we rst caption the set of input
2019), future information retrieval (Baeza-Yatesjmages to produce a set of captions (captioning
2005), and language models for storytelling (Am-systems are described later in Section 3):
manabrolu et al., 2019; Li et al., 2019; Yang and _ _
Tiddi, 2020). These works demonstrate the use of G  Captionpy;::iljgforj Pl ks (1)

modern language models for temporal mOdEIing.ONote that the generated caption might be condi-

events, which forms a core part of our hypOtheS'Stioned on the entire history of past images.

Image captioning in downstream tasks Recent . )
. o . Once we have captions, we simply concatenate

work has explored the use of image captioning (Lin .

. ) them together with the relevant separator tokens
et al., 2014; Li et al., 2020; You et al., 2016) . .
. ; ) . and feed them into a pre-trained language model
in downstream tasks like visual question answer- .
. - . (LM ) such as RoBERTa (Liu et al., 2019) to pre-
ing (Wu et al., 2019; Fisch et al., 2020) and |mageOlict the required property:
retrieval (Luo et al., 2018). While their primary d propery:
goal is to improve captioning and its applicability ¥ LM preg; i 6esq )
to downstream tasks, our focus is on using the gen-

erated captions as a medium to perform temporafhis LM is then ne-tuned using standard loss func-

reasoning for predicting visual futures. tions such as cross-entropy loss. The parameters
of the captioning model are held xed during this
3 Our Approach training. Given this general framework, we provide

. [ ils fi k low.
Task Setup Given a sequence d&f temporally speci ¢ details for tasks below

ordered imageks; :::; Ik, our goal is to predicta Visual Story Cloze In visual story
quantityyplx 1gwherely 1 represents a future cloze (Mostafazadeh et al., 2016), the goal
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