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Motivation & Background

•Causal dynamics learning aims to build a dynamics model that makes predictions
based on the causal relationships among the environmental entities.

•However, causal connections often manifest only under certain contexts and existing
approaches overlook such fine-grained relationships.

•Local independence (e.g., context-specific independence):
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{
f1(X1, X2, U) if (X1, X2) ∈ Dc

f2(X1, U) if (X1, X2) ∈ D
G: causal graph (CG), GD: local causal graph (LCG) on D

–Physical laws: To move a static object (Y ), a force (X2) exceeding frictional
resistance (X1) must be exerted. Otherwise, it would not move.

–Autonomous driving (Y = X1 ∨ X2): A car must stop (Y = 1) in the presence of
a pedestrian on the road (X1 = 1), ignoring the traffic signal (X2).

• � Fine-grained causal reasoning ⇒ robustness to locally spurious correlations!

Related Works & Problem Formulation

(a)                                            (b)                                                                     (c)
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•(a) Prior causal dynamics models: pϕ(s′ | s, a;G)
•(b) Sample-specific approaches: pϕ(s′ | s, a;G(s,a))

•(c) Our approach: pϕ(s′ | s, a;GE)
✓ fine-grained causal relationships ✓ interpretable ✓ theoretically-grounded

◎ Goal: Discover meaningful decomposition {E1, · · · , EK} of state-action space S ×A
that entails sparse LCGs {G1, · · · ,GK} and incorporate them into dynamics modeling.

Fine-Grained Causal Dynamics Learning

Score for Decomposition and Graphs
•S({Gz, Ez}K

z=1) := supϕEp(s,a,s′)
[
log p̂(s′ | s, a;Gz,ϕ) − λ|Gz|

]
•We aim to find {G∗

z, E∗z} ∈ arg maxS({Gz, Ez}K
z=1) with dynamics model p̂.

� Idea: Learn a discrete latent variable with vector quantization that represents the
pairs of a subgroup Ez and LCG Gz.

Overall Framework

Encoder

D
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(a) Local Causal Graph Inference (b) Masked Prediction with LCG
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(s, a)

CodebookQuantization Local causal graphs

•End-to-end joint training of the dynamics model and the codebook.

•Each sample (s, a) is quantized to nearest code ez, which is then decoded to the
adjacency matrix Az representing the graph Gz.

•The dynamics model employs the inferred LCGs for prediction.

Training Objective

Ltotal = − log p̂(s′ | s, a; A) + λ · ∥A∥1︸ ︷︷ ︸
prediction loss + regularization

+ ∥sg [h] − e∥2
2 + β · ∥h − sg [e] ∥2

2︸ ︷︷ ︸
quantization loss

.

Theoretical Analysis & Interpretation

Theoretical Analysis
✓ Identifiability of LCGs (Thm. 1) ✓ Identifiability of contexts (Thm. 2)

•Requirement: sufficient quantization degree K (= codebook size).

Connections to Prior Approaches
•K = 1: corresponds to prior (global) causal models.

•K → ∞: reverts to sample-specific approaches.

Experiments

Environments

Full Chain Fork

(a) Chemical (b) Magnetic

• In Chemical, the root node determines fine-grained relationships.
• In Magnetic, an object exhibits magnetism if it is colored red.

Prediction Accuracy (ID, OOD)
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Local Causal Discovery
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(a) FCDL (CG) (b) FCDL (LCG) (c) NCD (ID) (d) NCD (OOD)

Learned Contexts

(a) ID (all) (b) ID (fork ) (c) OOD (fork ) (d) Learned LCG

Conclusion

•We present a novel approach to dynamics learning that infers fine-grained causal
relationships, leading to improved robustness of MBRL.

•Our method learns a discrete latent variable that represents the pairs of a subgroup
and a local causal graph (LCG), allowing joint optimization with the dynamics model.


