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ABSTRACT

Recent works in video prediction have mainly focused on passive forecasting
and low-level action-conditional prediction, which sidesteps the learning of in-
teraction between agents and objects. We introduce the task of semantic action-
conditional video prediction, which uses semantic action labels to describe those
interactions and can be regarded as an inverse problem of action recognition.
The challenge of this new task primarily lies in how to effectively inform the
model of semantic action information. Inspired by the idea of Mixture of Ex-
perts, we embody each abstract label by a structured combination of various visual
concept learners and propose a novel video prediction model, Modular Action
Concept Network (MAC). Our method is evaluated on two newly designed syn-
thetic datasets, CLEVR-Building-Blocks and Sapien-Kitchen, and one real-world
dataset called Tower-Creation. Extensive experiments demonstrate that MAC
can correctly condition on given instructions and generate corresponding future
frames without need of bounding boxes. We further show that the trained model
can make out-of-distribution generalization, be quickly adapted to new object
categories and exploit its learnt features for object detection, showing the progres-
sion towards higher-level cognitive abilities. More visualizations can be found at
https://iclr—-mac.github.io/MAC/.

1 INTRODUCTION

Recently, video prediction has drawn a lot of attention due to its ability to capture meaningful
representations through self-supervision (Wang et al.[|(2018b);|Yu et al.|(2019)). Although modern
video prediction methods have made significant progress in improving predictive accuracy, most of
their applications are limited in the scenarios of passive forecasting (Villegas et al.[|(2017);|Wang et al.
(2018a); [Byeon et al.|(2018); Jin et al. (2020)), meaning models can only passively observe a short
period of dynamics and accordingly make a short-term extrapolation. Such settings neglect the fact
that the observer can also become an active participant in the environment.

To model the movements of active manipulators, several low-level action-conditional video prediction
models have been proposed in the community (Oh et al|(2015); Mathieu et al.|(2015); |Babaeizadeh
et al.[(2017); Ebert et al.| (2017)). In this work, we go one step further by introducing the task of
semantic action-conditional video prediction which emphasizes the modeling of interactions between
agents and environment. Instead of using low-level single-entity actions such as action vectors of
robot arms as done in prior works (Finn et al.|(2016)); Kurutach et al.|(2018))), our new task provides
semantic descriptions of interactive actions, e.g. "Open the door”, and asks the model to imagine
"What if I open the door" in the form of future frames. This task requires the model to recognize
the object identity, assign correct affordances to objects and envision the long-term expectation
by planning a reasonable trajectory toward the goal, which resembles how humans might imagine
conditional futures. The ability to predict correct and semantically consistent future perceptual
information is indicative of conceptual grounding of actions, in a manner similar to object grounding
in image-based detection and generation tasks.

The challenge of action-conditional video prediction primarily lies in how to correctly inform the
model of more abstract semantic action information. Existing low-level counterparts usually achieve
this by employing a naive concatenation (Finn et al.|(2016)); Babaeizadeh et al.|(2017))) with action
vector of each timestep. While this implementation might enable model to move the desired objects,
it fails to produce consistent long-term predictions toward target locations in the multi-entity settings
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Figure 1: Concept Grounding in Semantic Video Prediction. After observing the scene, an agent predicts
future frames conditioned on a series of semantic actions describing agent-object interactions. Neither bounding
boxes nor key points are provided. Conditioning on different action labels leads to Counterfactual generations.

because it was originally designed to only encode the motion information of a single entity. If we
take "put A on B" as an example, it turns out to be difficult to make the model learn what and where B
is, because the main self-supervisory signals in the framework of video prediction are pixel changes
and B is not moving in this case. In order to distinguish and locate instances in the scene, other
related works heavily rely on pre-trained object detectors or ground-truth bounding boxes
(2020); 1 et al| (2020); [Huang et al| (2018)); [Wu et al.| (2020)). However, we argue that utilizing
a pre-trained detector actually simplifies the task since such a detector already solves the major
difficulty by mapping high-dimension inputs to low-dimension groundings. Furthermore, bounding
boxes cannot effectively describe complex visual changes including rotations and occlusions. Thus, a
more flexible way of representing objects and actions is required.

We present a new video prediction model, MAC, short for Modular Action Concept Network. Inspired
by the idea of Mixture of Experts, MAC embodies each semantic label by a structured combination
of various concept slots, each of which encodes the spatial representation of a specific concept. Such
design allows MAC to reuse and integrate the knowledge learnt from different scenarios so that it can
perceive the locations of motionless objects and extrapolate to unseen cases, showing the progression
towards higher-level cognitive abilities. The contributions of this work are summarized as follows:

1. We introduce a new task, semantic action-conditional video prediction as illustrated in Fig [T}
which can be viewed as an inverse problem of action recognition.

2. We create two new synthetic video datasets, CLEVR-Building-blocks and Sapien-Kitchen, and
label one real-world dataset called Tower-Creation for evaluation.

3. We propose a novel video prediction model, Modular Action Concept Network, in which routing
of visual concept slots is directly controlled by action labels. We show that MAC can successfully
depict the long-term counterfactual evolution without need of bounding boxes.

4. We demonstrate that the trained MAC can make out-of-distribution generalization, be adapted for
new object categories with a small number of samples and exploit its learnt features for detection.

2 APPROACH

We begin with defining the task of semantic action-conditional video prediction. Given an initial
frame Xg and a sequence of action labels a; .1, the model is required to predict the corresponding
future frames X;.7. Each action label is a pre-defined semantic description of a spatiotemporal
movement that involves multiple objects in a scene and spans over multiple frames such as "take
the yellow cup on the table" from t = 0 to t = 10. So technically, one can regard this task as an
inverse problem of action recognition. It should also be pointed out that our semantic task is different
from common dense video prediction and generation tasks in the sense that it focuses on predicting
time-agnostic events. Hence, we design the corresponding datasets as videos capturing sufficient
key frames of entire actions. In future practices, we can further apply video interpolation methods in
CV or motion planner algorithms in RL to make up the intermediate process if needed.
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Figure 2: The pipeline of MAC in which the computation of concept slot module is elaborated (Better viewed in
color). Feature maps extracted by encoder are mapped into the concept slot tensors. Concept slot module receives
an action label that controls the collection of concept slot tensors and outputs representations encapsulating this
action. A recurrent predictor updates representations before sending them to decoder to predict the next frame.

2.1 MOTIVATION

The design of our new task is necessary for studying compositional generalization as it detaches the
de nition of object from its speci c location. However, it also requires a successful model to gure

out where the desired object is through leveraging abstract labels. Our main idea is that we create
a large number of small specialized learners called concept slots for each word in the dictionary of
action labels to capture their corresponding spatial representations from observations. During training,
action labels will be translated as constituency trees to control the activations of all related concept
slots and to assemble the representations of given actions for next-frame prediction. As a result, this
language-guided gating mechanism embeds the syntactic structures into the learning system and
enables the proposed model to dynamically recombine its learnt concepts so that it can understand the
combinatorial complexity of the world. In this paper, we demonstrate that our method possesses many
key characteristics afystem-2earning (Goyal et al! (2019); Goyal & Bengio (2020)), including
concept grounding, sample ef ciency, counterfactual generations, out-of-distribution generalization
and fast transfer.

2.2 MODULAR ACTION CONCEPTNETWORK

The MAC model is composed of 4 modules including encdgletecodeD, concept slot modul€
and recurrent predictd?. The goal of our model is to learn the following mapping:

Rt = D(P(C(E(xt 1)jar)jht 1)) (1)

wherex;, a; andh; are video frame, action labels and hidden states atttinibe overall architecture
of our method is illustrated in F[g 2. In the case of stochastic video generation, another two modules,
prior p(z) and posteriog(z) , will be added to help estimate the latent distribution of trajectories.

Encoder and Decoder At each timestep 1, the encodeE receives visual input; ; and extracts

a set of multi-scale feature maps. In the deterministic setting, we employ a convolutional neural
network with an architecture similar to VGG16 (Simonyan & Zisserman (2014)). The matching
decodeD is a mirrored version of the encoder with down-sampling operations replaced with spatial
up-sampling and additional sigmoid output layer. It aggregates the updated latent representations
produced by predictor and multi-scale feature maps from encoder to predict the nexkframe

In the stochastic setting, we use invertible autoencoder introduced in CrevNet (Yu et al. (2019))
instead as we nd this information-preserving architecture can better preserve the attributes of
randomly moving objects. The corresponding decoder is the backward pass, i.e. inverse computation,
of the same network of the encoder. Readers can nd more details about invertible autoencoder and
coupling layer in Appendix B.



Under review as a conference paper at ICLR 2022

Concept Slot Module The concept slot modul€ is the core module of MAC. It resembles the
mixture of experts as each slot focuses on only one concept in the space of action labels and will be
activated and assembled to represent the given actions through the language-guided gating functions.

Each action label will rst be decomposed into several constituents of sentence. A constituentis a
verb or object phrase, likgpick’ or "large red bowl. Since we are mostly dealing with manipulation
videos, actions are usually divided into 3 constituents, vaf®ct , object,. Each constituent will

have its own dictionary recording all pre-de ned words or concepts and gating functions can be
derived based on these dictionaries to establish bottom-up connections from concept slots. The
computation of concept slot module is given as follows:

w' = '(f); cd = !(Concatfw'j8i; !(i)=10q))
wherew andc are concept and constituent representations aiglthe indicator function for gating
function ofj constituent. More speci cally, after the feature mdse extracted from the input
image, they are fed intl convolutional units ', i.e. the concept slot layer, to cred¢econcept slot
tensors of dimensioNy. Here,K is the total number of possible concepts we pre-de ned in the
dictionary of action labels. Since verbs can be interpreted as spatiotemporal changes of relationships
between objects, not only slots for objects but also slots for verbs ttike br ' put or, are computed
from the extracted feature maps.

Next, a gating function will collect all involved concept slot tensors and create an ensemble as input
for each constituent. This assembly process simulates the formation of simpli ed constituency parse
trees. Constituent slot layer can either be resolution-preserving or upsampling operators as spatial
information is important for our new task. Finally, outputs of all constituent slots are concatenated
pixel-wisely to obtain the representation of actions before sending them to predictor. It is worth
noticing that MAC is allowed to have multiple concurrent actions in a scene at inference time. In this
case, we copy additional groups of trained constituent slots to represent other actions.

Learned Prior: We leverage a technique callesdirned priorfrom SVG (Denton & Fergus (2018)) to
model the stochastic movements in videos. In particular, we build two additional recurrent inference
networks, prior and posterior respectively, to capture the randomness of motions. During training,
the posterior inference netwodfz) can access to the representations of target frames to estimate a
true distribution of trajectory that we expect its prior counterpéz) to mimic at test time. Codes of
motionsz; estimated by posterior during training (or by prior during testing) will then be concatenated
with latent representations before sent to predictor.

Predictor: The recurrent predictd?, implemented as a stack of residual ConvLSTM layers (Shi

et al. (2015)), calculates the spatiotemporal evolution for each action label respectively. The memory
mechanism of ConvLSTM is essential for MAC to remember its previous actions and to recover the
occluded objects. To prevent interference between concurrent actions, hidden states are not shared
between actions. The outputs of predictor for all action labels are added point-wisely.

Training : In the deterministic setting, we train our model by minimizing the mean squared error the
between the target frames and the predictions. In the stochastic setting, we optimize the following
variational lower bound (ELBO) using re-parameterization trick (Kingma & Welling (2013)):

X
L.. (Xue1)=  [Bq (zeajxe 1090 (XtjZies Xt 1) Dok (@ (zjXa0)jip (zjX1e 1)]
t=1
wherep is the future frame generatag, represents the latent codes of motipn(z:jxi1t 1) is the
prior distribution,q (z:jX1:t) is the posterior distribution andy, denotes the Kullback—Leibler
(KL) divergence which forces the posterior to approximate the prior distribution. $inisemodeled
by conditional Gaussian, the likelihood term reduces to MSE measure between the ground truth
frames and the predictions. The full derivation of ELBO is provided in the Appendix A.

At the inference phase, the model will use its previous predictions as visual inputs instead except for
the rst pass. Hence, a training strategy called scheduled sampling (Bengio et al. (2015)) is adopted
to alleviate the discrepancy between training and inference.

3 DATASETS

In this study, we create two new synthetic datesets, CLEVR-Building-blocks and Sapien-Kitchen,
and label one real-world dataset called Tower-Creation from Roboturk (Mandlekar et al. (2018))
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for evaluation. This is because most existing video datasets either don't come with semantic action
labels (Babaeizadeh et al. (2017)) or fail to provide necessary visual information in their rst frames
due to egomotions and occlusions (Hundt et al. (2018)). Although there are several candidate datasets
like Penn Action (Zhang et al. (2013)), BAIR (Finn et al. (2016)) and KTH (Schuldt et al. (2004)) for
multi-modal learning, they all adopt the same single-entity setting which actually indicates they can
be solved by a much simpler model. To tackle the above issues, we design each video in our datatsets
as a depiction of certain atomic action performed by an agent with objects which are observable in
the starting frame. Furthermore, we add functions to generate bounding boxes of all objects for both
synthetic datasets in order to train AG2Vid. It is worth noting that all three of these domains exhibit

a key property namedombinatorial explosion resulting in factorial complexity growth in both
spatial and temporal dimensions even with a small object set. For instance, a sequence with 6 (out
of 32) objects and 6 actions can have 333,396,000 possibilities without considering any continuous
factor. Hence, our model only sees a small fraction of these potential scenarios during training.

3.1 CLEVR-BUILDING-BLOCKS DATASET

CLEVR-Building-blocks dataset is built upon CLEVR environment (Johnson et al. (2017)). For each
video, the data generator initializes the scene with 4 - 6 randomly positioned and visually different
objects. There are totally 32 combinations of shapes, colors and materials of objects and at most
one instance of each combination is allowed to appear in a video sequence. The agent can perform
one of the following 8 actions on objedB, andOg : Pick O, , Pick and Rotat®, transversely /
longitudinally, PutOa onOg, PutO4 on the left/ right side 0Og , Put O, in the front of / behind

Og . Each training sample contains a video of three consecRBitle andPut- action pairs and a
sequence of semantic action labels of every frame.

3.2 SAPIEN-KITCHEN DATASET

Sapien-Kitchen Dataset describes a more complicated environment in the sense that: (a). It contains
deformable actions likéopen"and"close"; (b). The structures of different objects in the same
category are highly diverse; (c). Objects can be initialized with randomly assigned relative positions
like "along the wall"and"on the dishwasher"We collect totally 21 types of small movable objects

in 3 categorieshottle, kettleandkitchen potand 19 types of large openable appliances in another 3
categoriespven, refrigeratoranddishwasherfrom Sapien engine (Xiang et al. (2020)). The agent can
perform one of the following 6 atomic actions on small obj@gtand large applianc®,: TakeOg on

O, TakeOg in Oy, PutOs on Oy, PutOg in Oy, OpenO, andCloseO,. Composite action sequences

are de ned as follows!Take_on—Put_on"Take_on—-Open—-Put_in—CloséOpen—Take_in—Close"

3.3 TOWER-CREATION DATASET

Each video in Tower-Creation Dataset depicts a robotic arm building a tower with atware present
on the table. We have labeled 524 videos in total since semantic descriptions are not provided and
prodce 1867 samples consists of two actidPlisk Oa andPutOa onOg . We use 1536 video clips

for training and 331 for evaluation. It should be pointed out that the size of Tower-Creation dataset
is small compared with commonly used datasets such as BAIR (Finn et al. (2016)) which has 59k
videos in total. Thus, our experiments can also tell whether evaluated methods are data ef cient.

4 EXPERIMENTAL EVALUATION

4.1 ACTION-CONDITONAL VIDEO PREDICTION

Baselines and setup We evaluate the proposed model on CLEVR-Building-blocks and Sapien-
Kitchen Datasets. AG2Vid (Bar et al. (2020)) is re-implemented as the baseline model because it
is the most related work. Unlike our method which only needs visual input and action sequence,
AG2Vid also requires bounding boxes of all objects and progress meters of actions, i.e. clock edge,
for training and testing. Furthermore, we conduct an ablation study by replacing concept slot module
with the concatenation of features and tiled action vector, which is commonly used in low-level
action-conditional video prediction (Finn et al. (2016)), to show the effectiveness of our module.

Metrics: To estimate the delity of action-conditional video prediction, MSE, SSIM (Wang

et al. (2004)), PSNR and LPIPS (Zhang et al. (2018)) are calculated between the predictions and
groundtruths. However, these metrics may not effectively tell if actions are successfully completed
due to the small sizes of the moving objects. Hence, we also perform a human study to assess the
accuracy of performing the correct action in generated videos for each model. The human judges
annotate whether the model can identify the desired objects, perform actions speci ed by action
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Figure 3: The qualitative comparison on CLEVR-Building-blocks and Sapien-Kitchen. The rst row of each
gure is the groundtruth sequence. The red, blue and green boxes highlight the quality of predictions by each
method. In contrast to the success of MAC, concatenation-based method fails to nd the correct destinations or

to preserve attributes of moving objects. Also, bounding boxes used in AG2Vid cannot portray visual changes
like rotations correctly.

Model CLEVR-Building-blocks Sapien-Kitchen

SSIM' MSE# LPIPS# Accuracy | SSIM' MSE# LPIPSt Accuracy
Copy-First-Frame 0.962 251.38 0.1320 - | 0.951 152.87 0.0393 -
Concatenation Baseline  0.961 226.53 0.1301 50.8% 0.962 23.13 0.0232 52.4%
AG2Vid 0.956 58.67 0.0399 78.8% 0.947 270.87 0.0684 5.2%
MAC 0.983 43.52 0.0303 95.2% | 0.971 11.16 0.0178 86.4%

Table 1: Quantitative evaluation on CLEVR-Building-blocks and Sapien-Kitchen. All metrics are averaged
frame-wisely except for accuracy.

labels and maintain the consistent visual appearances of all objects in its generations and only videos
meeting all three criterions are scored as correct.

Results The quantitative comparisons of all methods are summarized in Table 1. The MAC achieves
the best scores on all metrics without access to additional information like bounding boxes, showing
the superior performance of our concept slot module. The qualitative analysis in Fig 3 further reveals
the drawbacks of other baselines. For CLEVR-Building-blocks, the concatenation-based variant fails
to recognize the right objects due to its limited inductive bias. Although AG2Vid has no dif culty in
identifying the desired objects, assumptions made by ow warping are too strong to handle rotation
and occlusion. Consequently, the adversarial loss enforces AG2Vid to x these errors by converting
them to wrong poses or colors. These limitations of AG2Vid will be further ampli ed in a more
complicated environment, i.e. Sapien-Kitchen. The same architecture used for CLEVR can only
learn to remove the moving objects from their starting positions in Sapien-Kitchen because rotation
and occlusion occur more often. The concatenation baseline performs better by showing correct
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Figure 4:Counterfactual video generation Conditioning on the same initial frame and different action labels,
MAC can produce high-quality imaginations of counterfactual futures. Various visual outcomes present in
the nal frames are highlighted with red boxes and enlarged in the nal colufop: Generative results on
CLEVR-Building-blocks. 34 frames are generatBttom: Generative results on Sapien-Kitchen dataset. 35
frames are generated.

Figure 5:Left: Visual comparison between sSMAC and SVG-LP on Tower-Creation. The supposed completions
of Pick andPutin the nal frames are highlighted by red and yellow boxes while incorrect completions in
SVG-LP generations are labelled by grey boxes. The last two rows are counterfactual generations in which
models are given different action labeRight: Quantitative comparison per-frame. Higher SSIM and PSNR
indicate better performance.

generation of open and close actions on large appliance. Yet, it still fails to produce long-term
consistent predictions as the visual appearances of moving objects are altered. On the contrary, MAC
can authentically depict the correct actions speci ed by action labels on both datasets.

4.2 COUNTERFACTUAL GENERATION

Counterfactual generation The most intriguing application of MAC is counterfactual generation.
More speci cally, counterfactual generation means that our model will observe the same starting
frame but receive different valid action labels to produce the corresponding future frames.
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