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Motivation

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

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt
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Motivation

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

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

[  Most previous works only focus on accuracy
3 Question: How can we represent uncertainty in meta learning with transformers?



Uncertainty-aware Meta Learning

For each unseen task, the model observes a small set of context points {z;,y; };*, and makes

predictions for a set of target points {z; }j.V:mH.
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Uncertainty-aware Meta Learning

O For each unseen task, the model observes a small set of context points {x;,y; }7*; and makes

predictions for a set of target points {z; }j.V:mH.
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[ Neural Processes formalize as learning a conditional distribution of the target points, given the
context points and the target inputs:

E(G) - ]Eml;N,yl:N,m [logp9 (ym+1:N | ZL1:N, yl:m)]



Meta-learning as sequence modeling

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

£(0) — ]EwlszylzN7m [10gp9 (ym+1:N I L1:N, ylzm)]
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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

£(0) — ]ECL'LN,ylzNVm [logpQ (ym+1:N I L1:N, ylzm)]

N
— E$1:N7y1;]\77m Z 10gp9 (yl ’ wl:’iayl:’i—l)
i=m-+1

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



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.
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Meta-learning desiderata

Two important properties of meta learning

Property 1. Context invariance. Property 2. Target equivariance.
In other words, the model’s predictions do not depend Whenever we permute the target inputs, the predictions

on the permutation of the context points. are permuted accordingly.
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First attempt: Vanilla Transformers

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

{ Autoregressive Transformers
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First attempt: Vanilla Transformers

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

[ Autoregressive Transformers ]
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3 Positional embedding is important to associate x and y, but breaks both conditions




Transformer Neural Processes (TNPSs)

3 Solution: concatenate (a:, , y,-)to form a token, removing positional embedding.

{ Transformer Neural Processes J E(e) :E[IOgPQ (ym+1:N | xl:Nayl:m)]
f f I f f ; N

S S N S = :E[z log o (4 | 210 3151)
777777777777777777777777777777777777777777777777777777 i=m+1



Transformer Neural Processes (TNPSs)

3 Solution: concatenate (a:, , y,-)to form a token, removing positional embedding.

[ ranstomer Newrs Prcsses | £(0) =Efogps umery | 218, y1m)]
(o ) (o ) (oww ) (oo ) (o ) (o ) :E[i tog 0 (i | 21 11
777777777777777777777777777777777777777777777777777777 i=m+1
@@ @@ @@ @O @@ @@

ttttttttttt it

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



Transformer Neural Processes (TNPSs)

3 Solution: concatenate (gr:2 , y,-)to form a token, removing positional embedding.

{ Transformer Neural Processes J E(G) =E [log Po (ym+1:N | L1:N, yl:m)]
1 1 1 t N
{ Embed ] [ Embed ] ( Embed j [ Embed ] [ Embed ] ( Embed } =E l Z log pg (yl | xlzi,ylzi_l)
—————————————————————————————————————————————————————— i=m+1
00 @;@@ @@;W@@ ©0- 00

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

[  TNP-Ais 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) Non-Diagonal Transformer Neural Process
Assume that the target points are conditionally (TNP-ND)
independent given the context points: Predict the target points jointly using a multivariate
Gaussian distribution with a non-diagonal covariance
Do (ym—i-l:N | T1:N, yl:m) matrix:
i=m-+1 PO \Yi | T, Tl Yiim P9 (Ym+1:N | T1N 5 Y1im)

=N (Ymi1:n | o (Z1.8,Y1:m) , 2o (T1:8, Y1:m )



Experiments: image completion

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

Original Task BANP TNP-D TNP-A TNP-ND

ms
R

Context

Sample2 Sample2 Samplel

NP BNP BANP TNP-A

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

Method RBF Matérn 5/2 Periodic
CNP 0.26 £ 0.02 0.04 £ 0.02 —1.40+0.02
CANP 0.79 £ 0.00 0.62 + 0.00 —7.61+0.16
NP 0.27+0.01 0.07+£0.01 —-1.15+0.04
ANP 0.81 £+ 0.00 0.63 + 0.00 —5.02+£0.21
BNP 0.38 +0.02 0.18£0.02 —0.96 + 0.02
BANP 0.82 4+ 0.01 0.66 & 0.00 —-3.09+0.14
TNP-D 1.39 4+ 0.00 0.95+0.01 —3.53+0.37
TNP-A  1.63£0.00 1.21+0.00 —2.26+0.17
TNP-ND  1.46 4 0.00 1.02+0.00 —4.13+0.33
1-D regression
EMNIST
Method Celeba Method Seen classes (0-9)  Unseen classes (10-46)
CNP 2.15+0.01 CNP 0.73 +0.00 0.49+0.01
CANP 2.66 £+ 0.01 CANP 0.94 +0.01 0.82 £0.01
NP 2.48 +0.02 NP 0.79+0.01 0.59 +0.01
ANP 2.90 £+ 0.00 ANP 0.98 £+ 0.00 0.89 £0.00
BNP 2.76 +0.01 BNP 0.88 +0.01 0.73+0.01
BANP 3.09 £ 0.00 BANP 1.01£0.00 0.94 £0.00
TNP-D 3.89+0.01 TNP-D 1.46 £0.01 1.31£0.00
TNP-A 5.82+0.01 TNP-A 1.54 + 0.01 1.41 £ 0.01
TNP-ND  5.48 +0.02 TNP-ND 1.50 £ 0.00 1.31+0.00

Image completion

Method §=0.7 §=09 §=1095 §=10.99 §=0.995 5 =10.999 Average
Uniform  100.00 + 1.18  100.00 £ 3.03 100.00 +4.16  100.00 + 7.52  100.00 £ 8.11  100.00 £ 7.96  100.00 =+ 5.97
CNP 4.08+0.29 8144033  801+040 26.78+0.85 38.25+1.01 93.17+2.81 29.74+30.85
CANP  8.08+993 11.69+11.96 24.49+13.25 47.33+2049 49.59+17.87 33.29+5.05 29.08+21.28
NP 1.56 4+ 0.13 296+0.28  424+0.22 18.00+£042 25.53+0.18 62.73+1.49 19.17+21.36
ANP 1.624+0.16  4.05+0.31 5394050  19.57+0.67 27.65+0.95 73.36+595 21.94+24.92
BNP 62.51+1.07 57.49+2.13 58224227 58.91+3.77 62.50+4.85 T77.46+6.18 62.85+7.78
BANP  4.23+16.58 12.42+29.58 31.10+£36.10 52.59+18.11 49.55+14.52 45.45+11.71 32.56 + 29.43
TNP-D 1.184+0.94 1.70+0.41 2554043 3.57+1.22 4.68+1.09 9.56+044 3.87+2.91
TNP-A  3.67+4.88  4.04+238  4.29+2.36 5794527  929+7.62 6.13+2.50 5.54+4.98
TNP-ND 1.76+0.61 1.41+0.98 1.61+1.65 498+2.84  7.22+328 1366292 511+4.94
Contextual bandits
RBF Matérn 5/2 Periodic

Simple regret
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