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Motivation

❏ Transformers have shown excellent capabilities in few-shot/meta learning

❏ Most previous works only focus on accuracy
❏ Question: How can we represent uncertainty in meta learning with transformers?
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Uncertainty-aware Meta Learning

❏ For each unseen task, the model observes a small set of context points                       and makes 
predictions for a set of target points                     .

❏ Neural Processes formalize as learning a conditional distribution of the target points, given the 
context points and the target inputs:
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Meta-learning as sequence modeling

❏ Most Neural Processes parameterize the objective by a latent variable model.
❏ We propose a novel autoregressive factorization

❏ In principle, any sequence model can optimize this objective, but what architecture is suitable 
for meta learning?
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Meta-learning desiderata

Two important properties of meta learning

Property 1. Context invariance.
In other words, the model’s predictions do not depend 
on the permutation of the context points.

Property 2. Target equivariance.
Whenever we permute the target inputs, the predictions 
are permuted accordingly.

unchanged
permuted

accordingly
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First attempt: Vanilla Transformers

❏ Feed all tokens to the model and employ a causal mask

❏ Positional embedding is important to associate x and y, but breaks both conditions
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Transformer Neural Processes (TNPs)

❏ Solution: concatenate                to form a token, removing positional embedding.

❏ TNPs employ a masking mechanism to preserve autoregressive ordering (TNP-A).

❏ TNP-A is expressive, but is slow during inference due to the sequential prediction.



Variants of TNPs

We introduce TNP-D and TNP-ND to trade off expressivity and simplicity

Diagonal Transformer Neural Process (TNP-D)
Assume that the target points are conditionally 
independent given the context points:

Non-Diagonal Transformer Neural Process 
(TNP-ND)
Predict the target points jointly using a multivariate 
Gaussian distribution with a non-diagonal covariance 
matrix:



Experiments: image completion

❏ Image completion: Complete an image given a few pixels
❏ Similar to 2-D regression, where input is coordinates, output is pixel intensities

Completed images produced by the best baseline and 
TNPs from 100 context points.

Samples produced by TNPs and the 
baselines given 20 context points.



Experiments: Results summary

❏ Benchmark tasks: 1-D regression, image completion, contextual bandits, Bayesian optimization
❏ TNPs achieve gains of 16%, 64%, 266%, and 567% over the best baseline on 4 benchmarks (in 

the above order).

1-D regression

Image completion

Contextual bandits

Bayesian optimization
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