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Introduction

— meta-learning
---- learning/adaptation

[0 Meta Learning 0

Leverages previous experience as priors to quickly v
adapt to unseen tasks ©. vel N\t

0" ey

Figure 1. Diagram of our model-agnostic meta-learning algo-
rithm (MAML), which optimizes for a representation 8 that can

quickly adapt to new tasks.

Source: MAML][1]

0 Robustness Concern
Worst fast adaptation can be catastrophic in risk-

sensitive scenarios, e.g., autonomous driving ®.

E[return]

Driving( -, )

Source: RoML[2]

It is desirable to watch adaptation differences across tasks when deploying meta learning models.



Introduction

0 Previous Works

DR-MAML [3] increases task distributional robustness via employing the tail risk
minimization principle for meta learning.
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(i) Estimate the risk quantile VaR ,with the crude Monte Carlo method in the task
space.

(i) Update the meta learning model parameters from the screened subset of tasks.



Introduction

O Existing Limitations
* Theoretically
(i) There constitutes no notion of solutions.
(if) Lacks an algorithmic understanding of the two-stage optimization strategy.
(i) The analysis on generalization capability is ignored in the tail risk of tasks.
 Empirically

The use of the crude Monte Carlo might be less efficient in quantile estimates
and suffers from a higher approximation error of the VaR,, degrading the
adaptation robustness.

We propose translating the two-stage optimization strategy for distributionally
robust meta learning into a max-min optimization problem ©.
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Preliminaries

[0 Notations

Task distribution p(7) defined in task space (2; the set of all tasks T'; Meta dataset D,
e.g9.,D; = {G,y)m, =D3 v Z)? in few-shot regression problems; Parameter space 0

Meta risk function £: D, x ® » R* evaluating fast adaptation performance;

Cumulative distribution of the meta risk function
Fo(l;0): =P({¢(D7,D3;0) <,t €T,l € R*Y)



Preliminaries

0 Notations
Value-at-risk (VaR,)
VaR,[?(T,0)] = infjcpg+{l|F;(;0) = a,T € T}

Conditional value-at-risk (CVaR,)
CVaRa = Ep(r) ['glf = VaRa]

Probability Density

Normalized cumulative distribution F;*(1; 6);

Tail risk task subspace (2, ;;

Density function p,(t; 6)



Risk Minimization Principles

O Expected Risk Minimization. It minimizes meta risk based on the sampling
chance of tasks from the original task distribution:

glelgg(g) — [Ep(r) [f(@g, @ig, 9)]

[0 Worst-case Risk Minimization. Noticing that the worst fast adaptation can be
disastrous in some risk sensitive scenarios, [4] proposes to conduct the worst-
case optimization in meta learning:

: . — Q ~S.
minmax Ew(B): = #(DT, D2; 9).



Risk Minimization Principles

O Expected Tail Risk Minimization (CVaR,). To balance the average performance
and the worst-case performance, [3] minimizes the expected tail risk, or
equivalently CVaR, risk measure:

1

| 1
o N Ea(6,8): =" g ap =¢ +

By |[6(DF05:0) ¢ |

vg: = F, ' (B) denotes the quantile statistics

[6(D2,5;0) — €] = max{¢(D?, DS; 0) — &, 0} is the hinge risk.



Example 1 (DR-MAML ).
Given p(t) and vanilla MAML [1], the distributionally robust MAML within CVaR, can be
written as a bi-level optimization problem:

min § + —— " E [[{’ DY;0 — AVt (DS; 9))—5]1,

EER

where the gradient update w.r.t. the support set Vo£(D3; 8) indicates the inner loop with a
learning rate A. The outer loop executes the gradient updates and seeks the robust meta
initialization in the parameter space.



Two-Stage Optimization Strategies

The pipelines of DR-MAML (Example 1):

Stage-l includes the fast adaptation
w.r.t. individual task in Eq. (1) and the

quantile estimate in Eq. (2) ¢ = Fﬁ{c—ﬂ(‘f)' (2)
5(r) =1[¢(D;6/) =€, i=1,..,B (3)

6;' = 1€ — 1, Vpt(D3;0), i=1,..,B (1)

Stage-ll applies the sub-gradient B
updates to the model parameters in  §/7¢1@  gmeéta _ 3, ng (8¢ - (D% 6,)]|. 4)
Eq. (3)/(4). (=1

These two stages repeat until reaching the convergence required iterations.
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The Sketch of our Study

Main Empirical Results [Extensive Evaluation]

qii1 qH VaR,[¢(T,6)]
l l Estimation » CDF Approx. Error with KDE [Theorem 4.4]
F(qt41,9) F(qm,9) 1 —— Generalization in Tail Risk [Theorem 4.3]
\ I \ \ I \ Surrogate Function
0, | S yOptimization 1 Asymptotic Performance Gap [Theorem 4.2]
! + ! Equilibrium;
; g """ - ——= Convergence Rate [Theorem 4.1]
> F(ger1,0)l0-0,. > > F(qu,0)lo=, improvement __,I pyistence & Solution Concept [Proposition 2]

Guarantee

Stackelberg Game for Meta Learning Robustification

On the left side is the two-stage distributionally robust strategy.

The contributed theoretical understanding is right-down, with the right-up the empirical improvement.



Max-Min Optimization

In the two-stage optimization strategy, the default is the minimization of the risk
measure w.r.t. the parameter space after the maximization of the risk measure w.r.t.

the task subspace.

O Max-Min Optimization. With the pre-assigned decision-making orders, the
studied problem can be characterized as:

q%nr)ae)éagleigf'(q, 0):=Eq [e(zﬁ?, D; 9)],

where Q,:={q(D|T; € T, fTETq p (t)dt = 1 — a} constitutes a collection of uncertainty

sets over task subspace T, and q(7) is the normalized probability density over the
task subspace.



Stackelberg Game

O Stackelberg Game: the example pipelines can be understood as approximately
solving a stochastic two-player zero-sum Stackelberg game

$G: = (P, Pr;{q € 9o}, {0 € 0}; F(q,0)).

[0 Best Responses:
SG: q: = argmaxE, (D7, D2 6,)],

Leader Pla yer
O¢41 = argmink, [2(D¢,D5;0)],

Follower Pla yer

Meta Task Batch
*x Kk
* e Kk

Leader's Move (Stage-I):
(1) Risk Distribution Modeling with KDEs
(2) Optimal Subset Selection in the Task Batch

— Meta Learning
----Fast Adaptation Vi,

Vis )

Vi, Ve,

'1
0,°

Sub-gradient for Meta Parameter Update

Follower's Move (Sg'age—II):
o7 = 07— 2| Y Valo(r) - (0% 67
i=1



Solution Concept

O Definition (Local Stackelberg Equilibrium).

Let (q.,0.) € Q, X O be the solution. With the leader g, € Q, and the follower
0, € 0, (q.,0,) is called a local Stackelberg equilibrium for the leader if the
following inequalities hold,

inf F(qg,,0) = inf F(qg,0),
0ES 51 (qs) (@.,6) €S (q) (a,6)

where Sg/(q):={0 € ©'|F(q,0) < F(q,6),v0 € 0'}.
O Interpretation of the Obtained Equilibrium (q.,0.).

Given the follower's decision 6, and the induced task risk distribution F,(l; 6,) ,
the leader cannot further raise a proposal of a task subset with a probability 1 —
a to degrade the tailed expected performance.



Convergence Rate

O Assumption 1

1. The meta risk function f(i)?,i)ﬁ; 9) Is B,-Lipschitz continuous w.r.t. 6;

2. The cumulative distribution F,(l; 8) is [,-Lipschitz continuous w.r.t. [, and the normalized density
function p, (t; 8) is Bg-Lipschitz continuous w.r.t. 6;

3. For arbitrary valid 8 € ® and corresponding p,(z; 6), £(D,D5$; 6) is bounded:
sup £(DF,D3;0) < Linax.

TEQaJ

O Assumption 2

The implicit function h(-) is By-Lipschitz continuous w.r.t. 6 € ©, and VoF (q, 0) is p,-Lipschitz
continuous w.r.t. q € Q,,.



Convergence Rate

O Theorem 1 (Convergence Rate for the Second Player).

Let the iteration sequence in optimization be: --- = {qs_1,0:} = {q¢, Or41} — - » {q., 0.}, with
the converged equilibirum (q., 6.). Under the Assumption 2 and suppose that ||I —

Vs, F(q.,6,) , < 1= 2BqBn, we can have lim;_,q, 16e+1-6:l2 - 1 and the iteration converges

16:-6.1
with the rate (|| — AV3F (q.,6.)||, + ABefr)-




Convergence Rate

O Theorem 2 (Asymptotic Performance Gap in Tail Task Risk).

Asymptotic Performance Gap in Bi-level Optimization

Under the Assumption 1 and given a batch of tasks {t;}>_,

we can have T = {(1:4° < VaRj, £ > VaRIeta)

>
>

Frequencies

CVaR, (0/°18) — CVaR,(6.) < . I 6% — 0, |
VaR;

+ =2 (P(T}) — P(%)), g

VaRq / VaRrpe® Risk ¢

T, = {T: €* = VaRg, ™' < VaRp*?}

For sufficiently large T, the first term can be bounded by a small number due to the convergence,
and the second term vanishes.



Generalization Bound

O Theorem 3 (Generalization Bound in the Tail Risk Cases).

Given a collection of task samples {t;}t., and corresponding meta datasets, we can derive the
following generalization bound in the presence of tail risk:

L+ Voo [£ (D2, 5:6.)] ) In (%)

2
R(6,) < R(6,) + 3
L Lmax 21 = 3aB
"30-a) B ( H(E>+ : )

where the inequality holds with probability at least 1 — € and € € (0,1), V[:] denotes the variance
operation, and L, . IS from the Assumption 1.




Practical Enhancements

KDE can handle arbitrary complex distributions compared to crude Monte Carlo (MC) methods

B
Lo t —¢(DS,D3;0)
F,—kpe(;0) = j_ B_mz K( h, dt,

i=1

O Theorem 4. Let F, ypg(a; 6) = VaRRPE[¢(7,6)] and F;1(a; 6) = VaR,[¢(T, 6)]. Suppose
that K (x) is lower bounded by a constant, Vx. For any € > 0, with probability at least 1 — €, we

, . -1 . ~1(,. he
can have the following bound. zlelg (Fe—KDE(“' 0) — F, *(a; 9)) <0 ( \/W)'

O Remark 1. The crude Monte Carlo used in typically incurs an error of approximately 0 (\/%) in

estimating quantiles . In contrast, that of KDE is no more than O ( e ) from Theorem 4.

+/B*logB




Empirical Findings



Benchmarks & Baselines

B Benchmarks.

flz) = Asin{z — B)

?/."k.k\;:;:- I f’r\\ 4, B|

(a) Sinusoid Regression

8141 = go(81,a4)

/ [m, ]

(b) System ldentification

support dataset

i

class:
__que dataset

& &l [

class: 7 ? ?

(c) Few-Shot Image Classification

(d) Continuous Control

B Baselines. MAML mainly works as the base meta learner, and we consider vanilla MAML ,

TR-MAML , DRO-MAML and DR-MAML.

B Evaluations. Expected/empirical risk minimization (Average), worst-case risk minimization
(Worst), and tail risk minimization (CVaR,).



Sinusoid Regression

B Problem Setup. The goal of the sinusoid regression is to quickly fit an underlying function
f(x) = Asin(x — B) from K randomly sampled data points, and tasks are specified by (4, B).

Sinusoid 5-shot . Sinusoid 10-shot

Mean Square Errors

Average Worst CVaR,, Average Worst CVaR,

MAML I TR-MAML DRO-MAML I DR-MAML N DR-MAMLA(Ours)

B Result Analysis. (1) DR-MAML+ consistently outperforms all baselines across average and
CVaR, indicators in the 5-shot case. DR-MAML+ exhibits more robustness in challenging task
distributions, e.g., 5-shot case.

(2) The standard error associated with our method is significantly smaller than others,
underscoring the stability of DR-MAML+.



System ldentification

B Problem Setup. The system identification corresponds to learning a dynamics model from a
few collected transitions in physics systems.

9.0 Pendulum 10-shot 9.0 Pendulum 20-shot
g?. 1.5 1.5
=
v
g 10 1.0
=
f 1 1 1 I
E ] [ 1
L 0.5 0.51
=
Average Worst CVaR, Average Worst CvVaR,
MAML B TR-MAML DRO-MAML EEE DR-MAML EEE DR-MAML+(Ours)

B Result Analysis. (1) There is no significant difference between 10-shot and 20-shot cases.
DR-MAML+ dominates the performance across all indicators in both cases.

(2) TR-MAML behaves well in the worst-case but sacrifices too much average performance.
(3) DR-MAML+ exhibits an advantage over DR-MAML regarding CVaR,,.



Few-Shot Image Classification

B Problem Setup. The task is a 5-way 1-shot classification problem. And 64 classes are selected

for constructing meta-training tasks, with the remaining 32 classes for meta-testing.

Table 1: Average 5-way 1-shot classification accuracies in mini-ImageNet with reported

standard deviations (3 runs). With o = 0.5, the best results are in bold.

Eight Meta-Training Tasks

Four Meta-Testing Tasks

Method Average Worst CVaR, Average Worst CVaR,
MAML [273] 70.14+2.2 48.0+4.5 63.24+2.6 46.6+0.4 44.7+0.7 44.64+0.7
TR-MAML [27] 63.2+1.3 60.7+1.6 62.1+1.2 48.540.6 45.9+0.8 46.640.5
DRO-MAML [60] 67.040.2 56.6+04 61.640.2 49.1+0.2 46.6+0.1 47.240.2
_DR-MAML[I] __ | _702+02 _ 634402 _ 672401 | 494+01_ _ 47.1+01_ _ 47.5+01 _
DR-MAML+(Ours) 70.4+0.1 63.8+0.2 67.5+0.1 49.9+0.1 47.2+0.1 48.1+0.1

(2) DR-MAML+ and DR-MAML are comparable in most scenarios, and we attribute this to the

B Result Analysis. (1) Methods within a two-stage distributionally robust strategy, namely DR-
MAML and DR-MAML+, show superiority to others across all indicators in both training and
testing scenarios.

small batch size in training, which weakens KDE’ quantile approximation advantage.



Meta Reinforcement Learning

B Problem Setup. Take 2-D point robot navigation as the benchmark. The goal is to reach the
target destination with the help of a few exploration transitions for fast adaptation.

Table 2: Meta testing returns in point robot navigation (4 runs).
The chart reports average return and CVaR,, return with o« = 0.5.

Method Average CVaR,

MAML [23] -21.1 £0.69 -29.2 +1.37

DRO-MAML [60] -20.9 + 041 -29.0 +0.66
—_DR-MAML[] ___ | __-196+049 _ _ _ _-289+120_ _
| DR-MAML+(Ours) -19.2+ 0.4 -28.4+ 0.86 Jl

B Result Analysis. (1) DR-MAML+ benefits from a more reliable quantile estimate and achieves
superior performance.

(2) The application of distributional robustness to reinforcement learning yields improvements
In returns.



Extensions on Large Models

Baselines. CLIP, MaPLe, DR-MaPLe

Meta testing results on 5-way 1-shot ImageNetSketch classification (3 runs)

Average CVaR,

=
=3

100.0

97.5 4

©
]
L

95.0 4

=S
L

94.30
92.5

F=4
1 L

90.0 q

87.5 1

Average Accuracies

85.0 q

%
L L

8254

*
>

80.0 -
DR-MaPLe DR-MaPLe+ CLIP

CLIP MaPLe MaPLe

DR-MaPLe DR-MaPLe+

Benchmarks. Tiered-ImageNet, ImageNetA, ImageNetSketch

Meta testing results on 5-way 1-shot ImageNetA classification (3 runs)

Average CVaRg,

95.0

92.5 1

90.0 4

89.77

87.5 4

85.0 4

8251

80.0 4

71.54

75.0 =
DR-MaPLe DR-MaPLe+ CLIP

MaPLe

CLIP MaPLe DR-MaPLe DR-MaPLe+

B Result Analysis. (1) DR-MaPLe and DR-MaPLe+ consistently outperform baselines across both

average and CVaR, indicators in 5-way 1-shot cases, demonstrating the advantage of the two-
stage strategy in enhancing the robustness of few-shot learning

(2) DR-MaPLe+ achieves better results as KDE quantiles are more accurate with large batch sizes.
These results examine the scalability and compatibility of our method on large models..



Assessment of Quantile Estimators

Sinusoid 5-shot Sinusoid 10-shot

. & — MC N e MC

g 0.06- : —— KDE 0.025- —— KDE

&5

~ e 0.020-

£ 004 AN 0.015- N

= O .

R= N | \

: . e 0.010

= 0.005-

20 30 40 50 60 70 20 30 40 50 60 70

Task Batch Size Task Batch Size

The VaR, approximation error decreases with more tasks.
The KDE produces more accurate estimates with a sharper decreasing trend.

The above well verifies the conclusion in Theorem 3.



Other Investigations

H Evaluation with Other Robust Meta Learners

Table 4: MSEs for Sinusoid 5-shot with reported standard deviations (5 runs). With o = (.7

the best results are in bold.

Method | Average Worst CVaR,
CNP [15] 0.09+0.00 2. 714054 0.24+0.01
TR-CNP [37] 0.10+0.01 1.51+030 0.22+0.03
DRO-CNP [60] 0.09+0.02 2.54+1.81 0.21+0.05
— DRONPOL | 00900 1024045 0204000 -
o DRCNP+Qurs) 008+ _ 1d47zo 017002

Table 5;: MSEs for Pendulum 10-shot with reported standard deviations (5 runs). With o« = 0.5,

the best results are in bold.

Method | Average Worst CVaR,,
CNP |15] 0.75+0.01 1.51+0.23 0.87+0.02
TR-CNP [37] 0.76+0.00 1.24+0.02 0.85+0.01
DRO-CNP [60] 0.73+0.01 1.51+0.16 0.8540.01
_DRCNP[I] | __Q75z00  __ __ L40x01e  __ __0Q.801001
[ DR-CNP+(Ours) 0.72£0.01 1.36.£0.07 0.82:000 |

B Sensitivity Analysis to Confidence Level

Sinusoid 5-shot

1.2 5.0 3.0
—s— DR-MAML —s— DR-MAML —— DR-MAML
114 —s— DR-MAMLY} (Ours) 454 —s— DR-MAMLY}(Ours) —s— DR-MAML4} (Ours)
: : 2.5 4
L 104 4.0 4
&0 E ﬁg 2.0 1
T 001 S 35+ =
> = &)
< 0.3+ 3.0 4 151
0.7 25 1.0
0.6 T T T T T 2.0 T T T T T T T T T T
0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9
Confidence Level Confidence Level Confidence Level
Sinusoid 10-shot
12 3.5
—+— DR-MAML 44 —s— DR-MAML —+— DR-MAML
—e— DR-MAML+(Ours) —e— DR-MAML+(Ours) 3.0 4 —e— DR-MAML+(Ours)
1.0 4
o) . 2.5
o0 2
Tos A Qé 2.0
5] .
0.6
< 1.0+
0.4 4 1 0.5
. . . . . . . . . . 0.0 4 . . . :
0.1 0.3 0.5 0.7 09 0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9

Confidence Le{fel Confidence Le;fel Confidence Le{fel



Conclusion



Technical Comparison

Principle Meta Learner Generalization| Convergence Robustness Type
MAML mingeo Ep(r) [f‘(@?, D5, ¢ )} / v/ __
DRO-MAML | max()co mingeo Eq(r) | (D, 5;0)] X X |Uncertainty Set (Not tail risk)
TR-MAML mingco Max, 7 f(-z),f? , @f 1 0) v v Worst-Case Task
DR-MAML mingee By, (r:0) {fﬁ(@?. 05, 9)] X X Tail Task Risk
DR-MAMLA+(Ours) | max,(;ye o, Mingee E, (1) {E(DQ, LS 6’)} v v Tail Task Risk

« DRO-MAML [5] includes the uncertainty set Q for robust fast adaptation, there exists no theoretical

analysis.

« TR-MAML [4] only focuses on the worst-case, which considers a bit extreme and rarely occurred

cases.

« DR-MAML [3] lacks generalization capability and convergence rate analysis w.r.t. the meta learner.
« DR-MAML+ is a more specific instantiation of that in DR-MAML.



Conclusion

* Proposes to understand the two-stage distributionally robust strategy
from optimization processes.

* Defines the convergence solution, and derives the generalization bound
In the presence of tail task risk.

« Extensive evaluations demonstrate the significance of our proposal and
its scalability to multimodal large models in boosting robustness.
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Thanks for your attention ‘ .
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