Compositional
generalization in
end-to-end world
modeling requires
correctly binding
actions to object
slots.

VVe show Action
Attention with

Aligned Loss can
provably achieve
that.
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5 o Itis motivated by natural language, which uses words from vocabulary to form sentences # Action Attention

Object slots 7;

Toward Compositional Generalization in Object-oriented World Modeling

Linfeng Zhao, Lingzhi Kong, Robin Walters, Lawson L.S. Wong
Khoury College of Computer Sciences, Northeastern University

> . 0 >y (Pl ~° . P - = (SRS SIS = S o e e L hR R T o a’ 5 P s> .. . - s = >y 0 = 0

1. Motivation 5 ()ur Method Homomorphlc ()b]ect orlented World Model

e We propose Homomorphic Object-oriented World Model (HOWM) to solve this.
e [t can be trained end-to-end with 2 key components: & Aligned Loss.
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e The goalis to learn a world model

e Question: can we generalize to
states with novel object
combinations?

Scene MDP|

e Thisis called compositional " “ : i . \/ )
generalization (CG). ' -
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2. Setup -

|Slot MDP| -
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e We propose a setup, Object Library, and use this to study compositional generalization - - -
e ' M, (s;) = softmax (Lk (Idys) -CJ(SI)T> P <s), st 1) = || NG (M;)sm ~NG (M?) T (5,a)) '»;
Object Library [ T~ A — ) combinations % vD +

“Vocabulary”
All possible objects

e Example: N = 4 objects in the object library, and K = 2 objects in each scene Al (N ) _¢
K
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6. Theoretical Guarantees

Scenes O, C L

(Ordered) “Sentences”
A combination of objects

e We formally show when it is possible to use the slot MDP to achieve compositional 3
generalization: zero equivariance error, as long as actions correctly bind to object slots. ¢
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Theorem (informal): ;

¢ | If actions correctly bind to object slots, | EE(7;,,) = K - EE(7};,)
¢ | theequivariance erroris related by: |  Etin Slot MDP EE in Library MDP
: Niia o s \ _ ‘ % s \ i \ nll K-Sl ot N 'ObjeCt
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3. Defining Compositional Generalization (CG) § | correctly simulate any scene MDP | ind correctly for all scenes
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o We formulate CG as replacing (permuting) an object with another one in the library, and X
name it object-replacement operation t 7 Representatlve Results

e This naturally relates to (permutation) equivariance error, denoted as EE below

e S my VWS 1 DA Ca e == DL e S s ol S s B St
PR ' PE : S e ’ >y L ' PYN ' _ oS B = Ca o Mo >y e -

¥ « The table shows for environment called Block Pushmg,
.‘ ' . \’; Red Circle,
where objects have random locations, color, shapes. e ]
¥ 1 o Ithas K =5 objectsineach scene,and N = 5,10,20,30 in
f the library (in each column)

} B N=10 B N=20 B N=30

Cast Compositional Generalization EE(T) 2 E||Ty(s'| s,a)—Ty(6.5" | 6.5,0.a) ‘ “ l.. I.l

4 in Transition I\/Iodeling T Expectation over: |. All object replacements: 0 € 2 ; Exact CG (N- CSWM | No CG (K-CSWM) Soft CG (HOWM, Ours)

2. All transitions (s,a,s8") € & X ) X &)

Expectation
over
All combinations
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How well can the model predict transition
on any compositionally different scene?
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Generalization:

o

lN=20 Memory: 8.1GB \\ lN=20 Memory: 1.5GB| !_N_20 Memory: 3.7GBI

Ours: Balancéd Eﬁiciehncy |

| N-CSWM N=30 _ OuNt*of' Mémbryi No abtioh blndlng |
- e ~ and Accuracy

. - . o - . B C A S - - - - - L - ‘- - g - . - . b - N - - ’ -6 - ‘- - . B C A e - - Pl B " e -~ > av . g Ae TTa = - < = S0 "’7.‘

M g-aahe . B \¢ s ik MR g-aahe . B . \¢ S . ) s B \¢ S B . 3 oo ; RN :
= - g oa . . .',_9. Y. 2 5= > . PN g ,a . _ .',_s. Ry o 59 >y -, - . . a. & o= - = a _ .',_,. Ny Sy ., - >y PR _ .'7_9, Ny -, - >y 0 - .

8. Visualization & Takeaways
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e To achieve efficient compositional generalization, we need to bind N objects to K slots, o The visualization shows the binding matrix learned by Action Attention, purely from

reducing complexity from O(N~) to O(K~). ] interaction (purple triangle moves when the action operates that slot) 3
e We identify that this can be implemented end-to-end and needs to happen in two places. : e In summary, our method (HOWM) uses Action Attention with Aligned Loss to solve the
binding problem, so it can learn in the slot MDP end-to-end, and thus be more efficient. }

5+1| rows: 4
K=5 slots + | background %

‘  Input Recon Slot1 Slot2 Slot3 Slot4 Slot5 Slot 6

-~ >~ i Loss

(All slots) Step t

K-slot

Transition
GNN

N J N

: * The action is to move the purple
triangle to south (while other Step t+1
objects are fixed).
¢ ¢ Theaction s a fixed interaction
e onsa ;‘ protocol. The environment and the
Encoded model assume the same order for
Object slots 2z, : all scenes, but unknown to model.
# ¢ Our HOWM learns the order for
step t and ¢ + 1, thus can align then
into a canonical order.

|0 columns:
N=10 objects : 4

. Found object identity '
| through actions |
| (Objects unknown to |

Predicted
Object slots 22

Encoded

A \ SIotAllgnment N\

1. Action Binding: \
Between Steps V4

\___ Binding Actions to Slots _/

'Object 7 ’

Wrongly blndlng actions: Wrongly allgnlng slots
Actions operating on incorrect objects Can’t minimize object representation loss
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