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Measurements Organized in a Shared Space

(CBC, The Nature of Things)

• All human observations are embedded in the physical universe

• Multi-task learning community has avoided non-spatial disjoint tasks



The Traveling Observer Model (TOM)
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Space where all variables are measured

Given observed locations and values, predict at unobserved location

Factor into encoder and decoder

Now is a universal predictor Variable embeddings      can be learned by gradient descent

Implemented as ResNets with FiLM



Discovering Space

• CIFAR: Learning 2D variable embeddings of Pixel during image completion





Discovering Time

• Daily Temperature: Learning 2D variable embeddings of past days





Exploiting the Discovery of Space and Time

• Learned variable embeddings have performance on par with the Oracle.



Multi-task Regression: Transposed GP

• Tasks defined by variable locations in 1D Gaussian Process

• Nearby variables are more related; All variables affect all others

• 100 Tasks: 1 to 10 features; 1 to 10 targets



Kernel of learned variable embeddings Test Performance

Multi-task Regression: Transposed GP



MTL Classification: Concentric Hyperspheres
Task 1 Task 2 Task 3

nearest neighbor class

• Tasks defined by input dim, origin location and # annuli (classes)

• System must discover and exploit analogies to succeed.

• 90 Tasks: 1 to 10 features; 2 to 10 classes



MTL Classification: Concentric Hyperspheres

Learned variable embeddings of features and classes

Test Performance



MTL over the distribution we care about: UCI-121

• 121 Tasks: 3 to 262 features; 2 to 100 classes; 10 to 130,064 samples

• From diverse areas such as medicine, geology, engineering, botany, 

sociology, politics, game-playing, …



MTL over the distribution we care about: UCI-121

Learned variable embeddings Test Performance

• First time all tasks have been learned in a single joint model



Discussion

• Training regimes: meta-learning, more sophisticated fine-tuning.


• Theory: desirable properties for distributions of variable embeddings?


• Scale: e.g., extensions to convolutions, attention, transformers.


• Analogies: TOM as an analogy engine, encoding task-agnostic concepts.




