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Abstract. In recent years, the significance of artificial intelligence in
comprehending the real-world has increased, by leveraging the inherent
ability of humans to process intuitive physics on a computer. Prior in-
vestigations on real-world understanding have mainly relied on image
inference to recognize the physical environment. In contrast, we propose
an inference model that can predict the observed environment using both
visual and physical features, emulating the predictive coding hypothe-
sized to occur in the human brain, and detects change points in response
to predictive events. Additionally, the model verifies the correctness of
the timing of important physical events of objects, such as object col-
lisions and disappearances. Furthermore, the results of the physical in-
formation prediction are also described as natural language sentences
to confirm whether the model accurately recognizes the real-world and
predicts the next behavior based on the physical information.

Keywords: physical characteristics - latent hierarchical structure of phys-
ical relationships - prediction

1 Introduction

When faced with a specific circumstance, humans possess the innate capacity to
swiftly comprehend environmental cues, predominantly through visual percep-
tion. This capability is believed to rely on the mental construction and simulation
of the environment within the brain, contingent upon perceived stimuli [9]. Con-
currently, humans are able to apprehend and anticipate the actions of objects in
the environment, founded on the environmental framework constructed within
their brain. At this point, humans generate predictions concerning both the
physical and visual aspects of the perceived objects. It is believed that physical
prediction pertains to significant events in the object, rather than forecasting all
possible states of the environment. Considerable research has been conducted to
achieve the human capacity to identify and forecast environmental information
on a computer [9, 30,22, 26, 18, 6, 13, 1, 8]. Nonetheless, the majority of real-world
prediction studies have produced results based on either visual predictions via
pixel alterations, or physical predictions via numerical variations in simulators,
and no prediction model that can simultaneously generate both visual and phys-
ical predictions has been put forward, as humans are capable of doing. In this
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investigation, we present a novel model capable of producing both visual and
physical predictions regarding objects in the environment, whilst simultaneously
extracting the timing of important events amongst the predicted events. The
model is constructed through a combination of PredNet [20], a prediction model
that replicates the top-down and bottom-up hierarchical information processing
in the human brain, and the Variational Temporal Abstraction (VTA) [14] mech-
anism, which retrieves change points within the observed environment based on
the visual information’s image characteristics. The proposed model is rigorously
evaluated to confirm its efficacy, wherein the timing of predicted object colli-
sions within the event is ascertained using CLEVRER [33], representing phys-
ical phenomena such as object collisions, and the model’s accuracy is verified
by computing the correct timing. Furthermore, the physical prediction results
are generated as sentences to facilitate interpretation and validate whether the
model accurately forecasts the next action based on physical information.

2 Related Work

Real-world cognition. Real-world cognition refers to the study of machine
learning and artificial intelligence for recognizing and interpreting the real-world.
Ha et al [9] proposed the concept of world models as a mechanism by which hu-
mans perceive and understand the environment. When humans visually observe
the environment, they can quickly recognize the objects and their behavior in the
environment. This is made possible by modeling and simulating the environment
in the brain based on the sensory input. LeCun [16] identified one of the three
challenges that AI research must address in the future: "How can machines
learn to represent, predict, and act on the world from observation?" Humans
and animals can gain insight into how the world works and acquires background
knowledge through limited interaction and observation. This is considered the
basis of common sense, which not only predicts future outcomes but also fills
in information gaps in time and space. Common sense consists of models of the
world that inform us about what is probable and what is improbable. This al-
lows humans and animals to predict, reason, plan, explore sequences of actions,
and imagine novel solutions to problems. The study of real-world cognition is
therefore crucial.

Prediction. Research on real-world cognition often focuses on visual pre-
diction and commonly employs Recurrent Neural Networks (RNN) and Long
Short Term Memory (LSTM) methods [11]. However, while Chang et al. [2] pro-
posed a new model, STIP, to address the problem of generating high-resolution
predictions due to a loss function based on information loss and mean squared
error, the emphasis of many studies is solely on capturing temporal dependencies
between frames, with little discussion of the spatial features within frames. To
rectify this, Wang et al. introduced a spatio-temporal LSTM (ST-LSTM) struc-
ture to predict high-quality videos and proposed novel prediction models such
as PredRNN++ [28] and PredRNN [29]. Additionally, to enable long-term pre-
diction, Lin et al. [19] integrated a self-attention mechanism into ST-LSTM to
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store long-range spatial features, while Lee et al. [17] introduced memory align-
ment learning to store long-term temporal dependencies. Other proposed models
include Iso-Dream [23], an improved version of Dreamer [10], which separately
learns controllable and uncontrollable state transitions and combines them with
prediction, and Gao et al.’s SimVP [7], a prediction model that merges image
recognition with Transformer technology and uses Vision Transformer [5]. These
studies aim to produce highly accurate prediction results and expand research
on models that can make long-term predictions, such as for humans.

Physical Reasoning, Intuitive Physics. The field of common sense
or intuitive physics, which involves computational understanding of the phys-
ical world, has been studied extensively in recent years. Representing intuitive
physics is crucial for modeling object interactions and predicting their dynam-
ics, and has received considerable attention [4,3,26|. Tang et al. [26] proposed
PHYCINE, a hierarchical prediction model that focuses not only on first-order
features such as object position and shape, but also on hidden behaviors of ob-
jects such as mass and charge, by discovering physical concepts of objects from
low-level (color, shape) to high-level abstract (mass, charge) from video images.
Ye et al. [31] and Piloto et al. [25] focus on learning intuitive physical properties
that can be interpreted. In addition, many studies have attempted to learn intu-
itive physical properties from a few frames of a video image. Yi et al. [32] have
focused on the complex temporal and causal structures underlying object interac-
tions, using the image reasoning dataset CLEVR (Compositional Language and
Elementary Visual Reasoning diagnostics dataset) [12] with CLEVRER (CoLli-
sion Events for Video REpresentation and Reasoning) [33]. They also extended
CLEVRER and proposed CLEVRER-Humans as a video inference dataset for
human-labeled causality inference [22].

3 PredNet

PredNet [21] is a deep prediction neural network construct to mimic the concept
of predictive coding. An overview of the model is shown in Figure 1. Each mod-
ule has four internal components: an input convolutional layer (x4, ), a recurrent
convolutional representation layer (R), a convolutional prediction layer (A), and
an error representation (E). The representation layer in each module captures
the state for prediction, while the input layer processes the input information.
The prediction layer generates the internal prediction state, and the error layer
outputs the error representation by taking the difference between the prediction
state and the input. PredNet utilizes a bidirectional process to generate predic-
tions, where predictions made in the upper layers of the network are conveyed to
the lower layers via the representation module, and errors detected in the lower
layers are transmitted to the upper layers. This mechanism mimics the operation
of a generalized state equation, which enables accurate predictions to be made.
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Fig. 1. Schematic diagram of PredNet.

4 Variational Temporal Abstraction (VTA)

In Variational Temporal Abstraction (VTA) [14], a state-space model is proposed
to extract hierarchical abstractions from series data and detect change points.
Figure 2 (right) is the graphical model of the hierarchical state-space model ob-
tained by VTA. In this figure, X is the input, S is the observation abstraction,
and Z is the temporal abstraction. X is the lowest layer closest to the input, and
S and Z are the upper layers in that order. By processing the input series infor-
mation and obtaining the hierarchical structure, VTA enables the acquisition of
the upper Z representation, which indicates the transition of the environment.
However, as for the state space models that handle sequential series information,
in general, it is difficult to determine when to transition to the upper layer Z,
taking into account temporal transitions, as depicted in Figure 2 (left) to (right).
To address this issue, VTA introduces a binary latent variable m that determines
the timing, as shown in Figure 2(left). The boundary indicator M = my.r takes
the value 0 or 1. When the change in the observed or temporal abstraction is
significant, m becomes 1, and the upper layer Z transitions accordingly.

5 Proposed Model

5.1 Mechanism of the change point prediction model

PredNet [20] and VTA mechanisms are integrated to construct an change point
prediction model. This model mimics predictive coding which is a hypothesized
function in the human brain. The model architecture is presented in Figure 3.
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Fig. 2. Schematic diagram of VTA. (left) Model with boundary index M = {0,1,0,0}.
(right) Model with time structure obtained from the boundary index M.
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Fig. 3. Schematic diagram of a change point prediction model.
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The proposed model is a parallel hierarchical structure of two PredNet models,
one of which predicts physical phenomena of the environment by representing
them as graphs, and the other of which predicts them by visual information
of the environment. The proposed model also incorporates the change point
discrimination flag m, which is a mechanism of VTA. The input information
consists of two datasets: the CLEVRER dataset with image information x;;
and the physical training dataset x4 with physical properties generated from
CLEVRER. The output information consists of two pieces of information: the
predicted image ("img output" in Figure 3), which was sequentially predicted
for the image, and the change point m, ("flag output" in Figure 3), which was
computed by the inference of the embedding vector representing the physical
property. The change point m, serves as an indicator flag, signifying when the
cumulative value of physical and image data has significantly changed and takes
the value 0 or 1. Both mechanisms learn by error propagation to higher levels,
minimizing the differences between prediction A derived from the representation
tier R and actual observation A. To determine the change point m, the difference
dif f between the representation layer R at time ¢ — 1 and time ¢ is calculated
for the physical and image data, respectively, such that the change point m,
becomes 1 if the difference dif f exceeds a threshold value a.

The algorithmic updates are expounded upon in Algorithm 1, along with
Equations (1) through (11). In this instance, R represents the layer of represen-
tation, A represents the layer of prediction, A signifies the generated prediction
content derived from the representation layer R, and E represents the layer of
error. Furthermore, it denotes the variable used in the processing of the image,
while gt denotes the variable utilized in the processing of physical information.
Equation (12) illustrates the training loss. A\; and A, are weighting factors for
time and layer, respectively, and n is the number of units in the ¢-th layer.

dif f = dif fir + dif for (11

Ltrain = ZAt;:\TﬁZEi (12
t ny

At = {mit . if 1=0 (1)
MazPool(ReLU (Conv(E; 1)) 1>0

A9t = {»’Cgt o if 1=0 B
MazPool(ReLU(Conv(E{"))) 1>0

Aj' = ReLU(Conv(R}")) (3)

AY* = Re LU (Conv(R{")) 4)

Ei* = [ReLU(A]" — A}'); ReLU(A]" — A}")] (5)

Ef" = [ReLU(AY' — A¢"); ReLU(A{" — AP")] (©)

R}' = ConvLSTM(E;'"', R}'", Upsample(R} 1)) (7)

RY* = ConvLSTM (E!*™ ' RI*™, Upsample(Rfj_l)) (8)

diffu = R — R (9)

diffor = R}" — R{"™ (10)

)

)
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Algorithm 1 Calculation of change point prediction model

Require: z;;, x4t
Aét — Tit, Agt — Tgt
EP R 0
fort=1to T do
for | =L to 0 do
if [ = L then
R’ = ConvLSTM(E ! RiF™1)
RY' = ConvLSTM(ES ™" RY'™)
else
R}" = ConvLSTM(E;*~!, Rj**, Upsample(R;" ,))
R{" = ConvLSTM(E{" ", R{*~", Upsample(R}",))
end if
end for
for {=0to L do
if l =0 then
At = SatLU(ReLU(ConvRi)))
A9" = SatLU(ReLU(ConvRY")))
else
Ajt = ReLU(ConvR}?)
A9" = ReLU(ConvR?")
end if
Ej* = [ReLU(Aj* — Ai'); ReLU(A* — Ait;))
Ef* = [ReLU(AY" — A?"); ReLU(AY" — A%")]
if [ < L then
A’y = MaxPool(Conv(E}))
A?, = MaxPool(Conv(E},))
end if
diffu = Ri' — R;'™!
dif for = R}" — R{"™"
dif f=diffie +dif fge
if diff > o then

me = 1
else
mg =0
end if
end for

end for
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6 Experiment

6.1 Change point extraction in predictive inference

To verify the effectiveness of our proposed model, an experiment was conducted to
see if the model can correctly extract the change point of the next step state. The
dataset we used was the CLEVRER dataset and physical training data generated from
CLEVRER.

Physical training dataset The two datasets we used were CLEVRER dataset [33]
and a dataset representing physical properties of real-world objects — the procedure for
creating the physical properties dataset is shown in Figure 4.

(1) Object recognition (6) Convert to Embedding
Dataset CLEVRER [Yi+, 2020] CLEVRER annotation Graph Embedding
Informatlonlabout CLEVRIFR output : 3D position node2vec
Number of videos: 20,000 pieces YOLACT
(train:val:test=2:1:1) " +
Nideolenethilses — {color, shape, material} ey
Frame per vireo : 128 frames seralEmEiem
Shape : cube, sphere, cylinder
Material : metal, rubber . - v
Color : gray, red, blue, green, brown, cyan, purple, yellow output : L, posmonal
Event : enter, exit, collision each object’s type, relationships’ flags
Annotation : object id, location, velocity, acceleration 2D position T
(2) Calculate object’s position l (5) Graph Construction

from 3D position ‘ ‘ from 2D position ‘

zZ

y b e, 1)
C=(x.y)§ = @)= X tx )1ty
z=0 %2175) =Gy =( 2 2 ) node info : object’s type,
X 22 color, material
(3) Calculate velocity & acceleration (4) Positional relationships among objects [
2 Y
velocity flag “1” flag “5” main object = (Xmain, Ymain)

Vx = (xe — xt—l)/Etframe
Vye = Or = Yt—l)/etframe Xdiff = Xother — Xmain

acceleration | B Wt ., Yaiff = Yother ~ Ymain

Ay, = (vxg - vxu)/(etframQXt)

others = (Xother, Yotner)

~Xaiff| 4 —
ay, = (Vy, = Vy,)/(etrrameXt) Yaif
flag “1" e + flag “5” | flag “1”
X etframe = 5/128 id : e P @
(elapsed time between frames) |:| main object [ ] others - flag “-5”| flag “-1

Fig. 4. Steps to create physical training dataset.

Table 1 shows the experimental settings of the model, which is the same as used in
the previous study [20].

Results & Discussion The results of the change point prediction accuracy in the
proposed model are shown in Table 2. The physical data in Table 2 shows the results
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Table 1. Experimental Settings.

Number of training data 600,000

Number of validation data 60,000

Number of times studied 500,000

##Layers 4

Size of convolutional filter 3 x 3 (for all conventions)
#Channels From lower module, 3, 48, 96, 192
Optimization Adam [15]

Learning rate decay 0.0001

o 5

obtained from the data set created in Figure 4, and the annotation data in the table
shows the results obtained from the CLEVRER annotation dataset.

Table 2. Accuracy of the proposed prediction model.

Validation range|| i il iii iv v wvi
physical data |[33.3 50 50 33.3 66.7 50
annotation data||66.7 50 66.7 40 50 50

The results show that the accuracy of the physical data is equivalent to that of
the annotation data, which is the supervised data, in predicting the change points. As
a result example, the predicted images and flags for region i are shown in Figure 5.
As the predicted image is also accurately generated, it can be said that this model is
proficient in generating both the predicted image and flag of the next time’s change
point.

6.2 Text generation of prediction results

The proposed model made two predictions, one for physical data and one for visual
data. Humans apprehend and acquire knowledge of the real-world by perceiving it and
engaging in predictions and inferences. Furthermore, linking language to the physi-
cal world enables us to gain a more profound comprehension of reality and our prior
experiences. Put differently, human intelligence can be conveyed through symbol ma-
nipulation using language that pertains to the real-world. Therefore, research on com-
prehending the physical world through machine learning technology should express
reasoning as a language, with the aim of linking the recognition of real-world objects,
understanding of physical properties, and prediction using language. This study gen-
erated embedded vectors, extracted as change points in physical data, as a form of
language information. Additionally, only collisions were used as change points for the
generation.

Dataset To generate language from the embedded vectors predicted by the change-
point prediction model, it is necessary to learn new linguistic information. For this
purpose, we developed a language dataset consisting of a pair of data: an embedded
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Fig. 5. Predicted change point extraction results in range i.

vector of graph representations representing physical properties and a sentence describ-
ing the state of the graph. Although the experiment was conducted in Japanese, this
paper covers both English and Japanese. The graph’s embedding vector representation
was created from the CLEVRER annotation data using the procedure illustrated in
Figure 4. The paired sentences were devised to fit into nine templates of three (before
collision, collision, and after collision) X three (type of sentences). The correct answer
for each image was three sentences. The details of the templates are as follows: Two
objects A and B collide with each other, and A and B are "{gray, red, blue, green,
brown, water, purple, yellow} {sphere, cylinder, cube }." For example, "Red sphere"
and "Blue cylinder" are now included. In addition to the collision data, we also cre-
ated a dataset for when the objects were approaching before the collision and when
they were leaving after the collision. The approaching time was five frames before the
collision, and the leaving time was five frames after the collision. An example of the
generated pair dataset is shown in Figure 6.

Text generation model The text generation model utilized only the decoder com-
ponent of the Transformer [27]. The decoder architecture is depicted in Figure 7. Al-
though conventional transformers are based on an encoder-decoder model, this study
adopts the embedding vector prediction result of the graph in the change-point pre-
diction model of the proposed model as the encoder output. This prediction result is
employed as input from the encoder to the decoder. The paired data generated in Fig-
ure 4 was utilized to train the decoder, with the number of paired sentence data set at
219,303 (nine sentences x 24,367 collisions) and the predictive graph embeddings for
test data set at 10,965. The training settings are detailed in Table 3.
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Example of text templates : Colliding Objects “blue sphere”, “gray sphere”

before collision EROB%ERBDHRAET< )

“Blue sphere and gray sphere approach.”

Decoder train model

EEOBARREORITESC ) wl w2 - wt <eos> generated text
“Blue sphere approaches gray sphere.” T T T T indicating
TREDHAERORIES <) ‘ Softmax ‘ predicted content
“Gray sphere approaches blue sphere.” I i
- strames
collision IERORERBOKANSOH 5] ’ Linear ‘ Trained
“Blue sphere and gray sphere collide.” ] Decoder Model
IEEORANREDRIZIE LANS) n
“Blue sphere is repulsed by gray sphere.” ’ Decoder input
TREDHKAHFBORIZIE LANS) T i T T T
“Gray sphere is repulsed by blue sphere.” <bos> wl w2 - wt
. l{sframes 1
after collisio [HBROH%EREDKAEND ] I
. N h pred graph
Blue sphere and gray sphere leave. grap! . air data toxt embedding
IHEORD 5 REOHAEND | embedding ex
“Gray sphere away from blue sphere.” .
v sp Y i train test

TREDIM 5 HEDHKAEND
“Blue sphere away from gray sphere.”

Fig. 7. Schematic diagram of the text gen-
Fig. 6. Example of text templates. eration model.

Table 3. Experiment Setting.

batch size 8
Embedding 128
hidden layer 512
Optimization|Adam[15]

Results & Discussion We confirmed that the embedded representations of the
predicted graphs made correct predictions about the real-world by generating a lan-
guage sentence describing the observed real-world situation. The four ranges that were
examined for description were those shown in Figure 2, i, ii, iv, and vi, which indicate
the time of the collision.

Range of i. In range i, a green sphere collides with a red cylinder and the assumed
correct statement is shown in Figure 8. The generated sentence was "A green cylinder
is repelled by a red cylinder." The sentence was correct about the color of the object,
but incorrect about its shape.

Range of ii. In range ii, a green cylinder collides with a brown cube and the assumed
correct statement is shown in Figure 8. The sentence generated was "A green cylinder
collides with a brown cube." The sentence was correct for both color and shape of the
objects.

Range of iv. In range iv, a gray sphere collides with a blue cube and the assumed
correct statement is shown in Figure 8. The generated sentence was "A grey sphere
is repelled by blue cube." The sentence was correct for the color of the object, but
incorrect for the shape.

Range of vi. In range vi, a cyan cube collides with a blue sphere and the assumed
correct statement is shown in Figure 8. The generated sentence was "A cyan cube
collides with a blue sphere," which was incorrect for the object’s color and shape.
Unlike the other results, range vi produced incorrect judgments for both color and
shape of the object. Figure 9 depicts the objects’ transition up to the collision in



12 E. Kuroda et al.

correct text

Range ii

Range

Original image (R EDREFEORRNRONS ] Originalimage s e o e DI 1 KNS |
“Green sphere and red cylinder collide." “Green cylinder and brown cube collide."
[GEORIFEOPRCELIND] [EE0oREHIREOIBEICELIND]
“Green sphere is repulsed by red cylinder.” “Green cylinder is repulsed by brown cube.”
[FEORRNEEORICEUIND] [REOUIFFNEREOAECEEEIND]

“Brown cube is repulsed by green cylinder.”

generated text

REOAENFREBDIUSECSDND

Green cylinder is repulsed by brown cube.

“Red cylinder is repulsed by green sphere.”

Predicted image
generated text

RECARNFREORRECEUIND

Green cylinder is repulsed by red cylinder.

Predicted image

‘ object’s color v/, shape v/ ‘

‘ object’s color v/, shape X ‘

Range iv Range vi
Original image [REDRE EEORRNRONS) Original image [k OIS E K EORRENRDONS |
“Gray sphere and blue cylinder collide." “Cyan cube and cyan cylinder collide."
[IREORIBEEORFCEFECHINS] [k EOIHENKEOBRCEUIND]
“Gray sphere is repulsed by blue cylinder.” “Cyan cube is repulsed by cyan cylinder.”
S0 REORCECNNS] [ EORENKEDMIHEICEEIND]

Predicted image “Blue cylinder is repulsed by gray sphere.” Predicted image “Cyan cylinder is repulsed by cyan cube.”

KEDIHFHENEEDIRICHIDND

IREOHHIEEDUAEICIEUIND
Cyan cube is repulsed by blue sphere.

Gray sphere is repulsed by blue cube.

object’s color v/, shape X ‘ object’s color X, shape X ‘

Fig. 8. Example of text generation for prediction results.

range vi, which includes the "cyan cube" and "cyan cylinder" colliding objects. It is
noticeable that the "cyan cube" passed through the "blue sphere" without collision.
The infinitesimally small distance between the cyan cube and the blue sphere led to
the incorrect prediction of their collision. It is likely that considering the cyan cylinder
hidden behind the cyan cube, and both objects being of the same color, contributed
to the failure to generate a description accurately. To improve the text generation
accuracy, it is necessary to improve the points where objects of the same color are
regarded as the same object and where incorrect collision predictions are made.

Accuracy verification with BLEU.
The accuracy of the generated text is evaluated by BLEU [24]. BLEU@n is a measure

Table 4. BLEU evaluation.

BLEU@2/BLEUQ@3|BLEUQ@4
score| 79.7 74.5 68.8

of how well each correct and generated sentence matches in the n-gram. The evaluation
results of the generated sentences using the BLEU evaluation metric are presented in
Table 4. Since there were three correct answers for each generated sentence, the average
of each score was used as the BLEU score for the generated sentence. The BLEU scores
were computed for Japanese sentences, and the generated sentences achieved scores of
80 for the 2-gram, 75 for the 3-gram, and 69 for the 4-gram, indicating that they were
able to generate informative and accurate sentences about the observed environment

to a certain extent.
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25 frames
before collision 20 frames before 15 frames before
10 frames before 5 frames before collision

Fig. 9. Object transition status of range vi.

7 Conclusions

In this study, we constructed a model that emulates the structures in the human brain,
which can predict the observed environment visually and physically. The predictive
model was able to appropriately retrieve change points occurring in the next step,
such as object collisions in the environment. Moreover, we generated descriptions from
the predicted physical attributes of the environment and calculated the BLEU score,
resulting in a language generation capability with a certain degree of accuracy. Based
on this outcome, we assert that this model is capable of not only visual prediction
but also physical prediction. The outputs of this model and language generation have
allowed us to establish a link between the recognition of real-world objects and the
understanding and prediction of their physical properties, mediated through the use
of language. On the other hand, we believe that there is still room for improvement in
both prediction model and language generator since the target dataset is less complex
than the actual environment perceived by humans. As future work, we aim to enhance
the model and expand the number of language datasets to allow language generation
for various physical properties other than collisions.
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