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ABSTRACT

We consider the problem of learning a predictor that satisfies multiple objectives
of interest simultaneously, a general framework that captures a range of problem
formulations including calibration, regret, and multiaccuracy. We work in an online
setting where the data distribution can change arbitrarily over time. Existing ap-
proaches to this problem aim to minimize the set of objectives over the entire time
horizon in a worst-case sense, and in practice they do not necessarily adapt to dis-
tribution shifts. Earlier work has aimed to alleviate this problem by incorporating
additional objectives that target local guarantees over contiguous subintervals. Em-
pirical evaluation of these proposals is, however, scarce. In this article, we consider
an alternative procedure that achieves local adaptivity by replacing one part of
the multi-objective learning method with an adaptive online algorithm. Empirical
evaluations on datasets from energy forecasting and algorithmic fairness show
that our proposed method improves upon existing approaches and achieves unbi-
ased predictions over subgroups, while remaining robust under distribution shift.

1 INTRODUCTION

In an ever-changing world, real-time decision making necessitates coping with arbitrary distribution
shifts and adversarial behavior. These shifts can arise from seasonality, change in the data distri-
bution induced by feedback loops or policy changes, and exogenous shocks such as pandemics or
economic crises. Online learning is a powerful framework for analyzing sequential data that makes
no assumptions on the data distribution.

Multi-objective learning is a generic framework that refers to any task in which a predictor must
satisfy multiple objectives or criterion of interest simultaneously (Lee et al., 2022). In the online
setting, this encompasses many previously studied problems such as multicalibration (Hebert-Johnson
et al., 2018), multivalid conformal prediction (Gupta et al.,|2022), and multi-group learning (Deng
et al.,[2024). Despite being a desirable and promising notion, methods from the online multi-objective
learning literature have had little influence on the practice of machine learning.

We attribute this to two shortcomings. First, many of the algorithms proposed in the literature are
not adaptive to abrupt changes in the data distribution: they learn a predictor that minimizes the
objectives over the entire time horizon. In changing environments and in the presence of adversarial
behavior, such algorithms will fail to cope with distribution shifts. Second, most prior work is purely
theoretical with scant empirical evaluation. As a result, the practical aspects of multi-objective online
algorithms have received limited consideration.

In this work, we aim to overcome the above shortcomings. We propose a locally adaptive multi-
objective learning algorithm that outputs predictors which (approximately) satisfy a set of objectives
over all local time intervals I C [T]. Previously, [Lee et al.[(2022) suggested a method that lends
adaptivity to existing algorithms by including additional objectives for all contiguous subintervals.
We present an alternative approach that directly modifies the multi-objective algorithm by replacing
one part of the scheme with an adaptive online learning method. We provide a meta-algorithm that,
given an adaptive online learner, minimizes the worst case multi-objective loss across time intervals.
For concreteness, we instantiate it with the Fixed Share method (Herbster & Warmuth, |1998)), which is
guaranteed to provide adaptivity over all intervals of a fixed target width. Other possible instantiations
of our approach that target alternative adaptive guarantees are discussed in Section[2.2]

To close the empirical gap in this literature, we provide extensive empirical evaluations comparing the
performance of various adaptive methods in practice. This includes experiments on electricity demand
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Figure 1: GEFCom14-L electric load forecasting dataset. On the left hand side are the time series
for the raw load (light brown) and temperature (light orange) data. The dark brown curves indicate
the weekly (168-hourly) moving average. The shaded grey region shows the competition duration.
On the right-hand side, we plot a weekly moving average of the local multiaccuracy error.

forecasting and predicting recidivism over time in which our goal is to remove biases presenting in
existing baseline predictors. Across all our empirical benchmarks we find that our proposed method
consistently outperforms the previous proposals of Lee et al.[(2022). We will release a codebase that
implements our algorithm and all the baselines used in the paper.

As we discussed above, multi-objective learning can be used to address many common prediction
tasks. As a case study, in this work, we focus on the multiaccuracy problem in which the goal is to
learn predictors which are simultaneously unbiased under a set of covariate shifts of interest. We
seek a small multiaccuracy error while preserving accuracy relative to a given sequence of baseline
predictions. This is a problem of significant and broad interest across real-time decision-making and
deployed machine learning systems. We show that our proposed algorithm has low multiaccuracy error
over all intervals while the baselines have poor adaptivity. An alternative objective to multiaccuracy
that is popular in the literature is multicalibration (Haghtalab et al.|[2023a}; |Garg et al.|[2024). Despite
being a stronger condition, we show that in practice existing online multicalibration algorithms only
achieve multiaccuracy at relatively slow rates. Adaptive extensions of the multicalibration algorithm
yield improvements in local multiaccuracy error, however are unable to close the performance gap.

We note that although we focus on multiaccuracy in this paper, our general algorithm extends to
other multi-objective learning problems including multi-group learning (Tosh & Hsul 2022)) and
omniprediction (Gopalan et al.,[2022). We discuss these extensions in Appendix@

1.1 PEEK AT RESULTS

To demonstrate the significance of local adaptivity in practice, we consider the probabilistic electricity
load forecasting track of the Global Energy Forecasting Competition 2014 (GEFCom2014) (Hong
et al.l 2016). The aim in the load forecasting track GEFCom2014-L is to forecast month-ahead
quantiles of hourly loads for a US utility from January 1, 2011 to December 31, 2011 based on
historical load and temperature data (Figure[Ta). We consider the binary task of predicting whether the
electricity demand exceeds 150MW at hour ¢ and evaluate whether the predictions are multiaccurate
with respect to discrete temperature groups {0, 20), [20,40),...,[80,100)} (in °F). Informally,
obtaining multiaccuracy with respect to temperature ensures our predictions are accurate at different
times of day and across seasons. Figure [Tb|shows the multiaccuracy error of our proposed locally
adaptive algorithm compared to a non-adaptive multiaccuracy algorithm, plotted as a weekly (168-
hourly) moving average. We can see that the multiaccuracy error of the adaptive algorithm is close to
zero across all time intervals, while the non-adaptive variant has high variance.

1.2 PRELIMINARIES

We use X to denote the feature space and ) = [a, b] to denote the label space, which we assume
to be a bounded interval. Our goal is to learn a sequence of predictors p; € V,t = 1,2,...,T
that guarantee loss minimization simultaneously for every objective within a set £ over time. Each
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objective, or criterion, is a function £ : J) X X x Y — [—1, 1] that takes as input a predictor p;(z;),
features x; € X, and label y; € ) and returns a value in [—1, 1]. We will use [T to denote the set
{1,2,...,T}. The sequence of data points (x¢,y;), t € [T'] can be generated adversarially dependent
on the entire history of data and predictions up to time ¢.

The objectives we consider can be quite general and we will give some examples of specific choices
shortly. Broadly, our only restriction is that the objectives should be consistent with one another in
the sense that for any distribution on y; there is a single optimal predictor p;(x;) that minimizes all
the objectives simultaneously. Formally, we assume the following.

Assumption 1. For any x € X and distribution Py on ) there exists p* € Y such that for all { € L,

p* € argmin Eyp, [¢(p,z,Y)].
peEY

Moreover, for all { € L, p* guarantees the loss bound

Ey~py [6(p*, 2,Y)] < 0. ey

The assumption that p* produces a negative objective value is not strictly necessary and previous
work in multiobjective learning has considered slightly more general settings (Lee et al., [2022). We
have chosen to add this condition because it simplifies the notation and is satisfied by many common
problems of interest. For instance, as we will discuss in the sections that follow, multiaccuracy,
multicalibration, omniprediction, and multi-group learning can all be formulated in a way that meets
this condition.

Using this assumption, our goal in online multi-objective learning will be to learn a sequence of
predictors p; that (approximately) matches the optimal bound (I):

1 T

%agc T ;ﬁ(pt(ﬂft),irt, Yt) é 0.

As an example, we now define two instantiations of multi-objective problems that are commonly
studied in the literature and which we will focus on—multiaccuracy and multicalibration. The offline
version of multiaccuracy was introduced in [Kim et al.|(2019). We parameterize the multiaccuracy
criterion by a function class F and the goal is to be unbiased for all f € F, i.e., there is no systematic
correlation between the prediction residuals and any f € F.

Definition 1 (Online multiaccuracy). Let F = {f : X — [0, 1]} be a class of functions on X. In
online multiaccuracy, we instantiate fma, , (pt(7¢), ¥4, y¢) = o f (x¢) - (y¢ — pe(w¢)) for every sign
o = {£} and f € F and define the multiaccuracy error {54 in the sup-norm as
1 X
Ona(pe(xe), T4, y) = sup T > o f(xe) - (ye — pe(a)). @)

fio t=1

Another popular online prediction formulation is multicalibration (Hebert-Johnson et al., [2018]).

In a binary classification task, calibration asks that among instances with predicted probability p,

a fraction p of them are observed to be truly labeled as 1. Multicalibration is a strengthening of

calibration that additionally requires the predictor to be multiaccurate conditional on its realized

value. To implement this in practice, we discretize the label interval [0, 1] into m bins V,,, :=

{[0,1/m),[1/m,2/m),...,[(m — 1)/m, 1]} and define a representative value for each bin as the
j—1

midpoint v; = 22m for j = 1,...,m. We then define an approximate notion of multicalibration

that asks for v; to be an unbiased prediction of y; = 1 over all reweightings in F and all timepoints
where p; € [v; — 5, 0; + 75-).-
Definition 2 (Online multicalibration). Fix a set of functions F and m > 1. In online multicalibration

we instantiate {nc;, , (Pe(2t), T, y2) = o f(x4) - L{pe(xt) € v} - (ys — v;) for every sign o = {£},
f € F,and v € V,,, and define the multicalibration error #yic in the sup-norm as

1 T
Iac(pe(xe), 2o, yt) = ?up T ng(zt) ~W{pe(ze) € v} - (ye — Uj)~ 3)
VT =

A direct calculation shows that the online multicalibration error always upper bounds the multiaccu-
racy error; specifically, /ya < m - fyc.
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In this work, we will give a multi-objective learning algorithm that achieves small multiaccuracy error
while preserving accuracy relative to a base predictor sequence p:(x:),t € [T]. While improving
multiaccuracy, it is important that we do not degrade the accuracy of p;(z;), leaving its predictions
less useful. We discuss this in more detail in Section f.T] We define the latter accuracy objective
as prediction error. In what follows, we let ¢ : ) x V — R>( denote any proper loss for the mean,
i.e., any loss such that E, p[y] € argmin E, . p[c(p,y)] for all distributions P on ). A common

example that we will work with in our experiments is the squared error/Brier score ¢(p,y) = (y —p)?.

Definition 3 (Online prediction error). Given a base predictor sequence p:(z:),t € [T, define the
prediction error £preq as

borea ), 20, 0) = 7 D el ) = i), ), @

t=1
2 METHODS

2.1 ONLINE MULTI-OBJECTIVE LEARNING

The online multi-objective learning problem is a sequential prediction task over 7" rounds. A standard
framework introduced in|Lee et al.|(2022) is to consider a two-player game between a learner, who
observes z; € X and chooses a predictor p;(z;), and an adversary who maintains a distribution
q® € A(L), where we use the notation A(S) to denote the set of probability distributions over the
set S. At each time step, the learner observes the adversary’s current mixture and the covariates z;
and chooses its (randomized) prediction as p;(z:) ~ P;(x:), where

>, y)] :
l

This choice is designed to guarantee that the learner obtains the best possible performance under
the adversarial value of y; with respect to the mixture loss specified by ¢(*). As an aside, we note
that although generic multiobjective learning problems require randomized predictors, our methods
will often produce deterministic values. This is due to the fact that for many of the problems we are
interested in (e.g., multiaccuracy, low predictive accuracy) the objectives are convex and thus the
minimax program above admits a solution P;(z;) that is supported on a singleton.

P,(z;) = argmin max E,p
pea(y) v&Y

After the learner makes its selection, the true value of y; is revealed and the adversary updates its
mixture distribution. In the original work of [Lee et al.|(2022), the adversary sets its weights using the

Hedge updates

gy o< g expmtpi (o), 21, ),

for some n = ©(y/log(|L])/T"). This is designed to ensure that the mixture distribution with respect

to ¢*) is a good proxy for the maximum multiobjective error. More formally, this choice of weights
has the following well-known error bound (see, e.g., Theorem 1.5 of |Hazan|(2016)),

T

T
max Y Epp, [0, 0, 90)] < DY a8 By, o) [ w1, 51)] + O(V/Tlog (L))

lel
€ t=1 lel t=1

By combining this bound with the choice of p;(x;) we obtain the following multiobjective error
bound.

Theorem 1 (Theorem 2.1 in[Lee et al| (2022)). Under Assumption[I] Algorithm[I|with Hedge as the
method for learning ¢*) obtains the multiobjective learning bound

T

max > By p, @ [P, 21, 42)] < O(v/ T log(|£])).
t=1

2.2 LOCALLY ADAPTIVE MULTI-OBJECTIVE LEARNING

The result of Theorem [T]ceases to be useful when environments are changing and the data distribution
shifts arbitrarily over time. As a simple example, fix the singleton function class Fyia = {z — 1}
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and consider targeting just the multiaccuracy error (i.e., set £ = {fya,, : [ € Fua,0 € {£}}).
Let the labels be given as y; = 1 for the first 7'/2 rounds and y; = 0 for the last 7'/2 rounds. Here,
the constant predictor p; = 1/2 minimizes the multiaccuracy error in . Nevertheless, this predictor
performs poorly in the individual intervals 1 < ¢ < T'/2 and ¢t > T/2 compared to the optimal
predictor that switches from p; = 1 to p, = 0 after t = T'/2.

To account for distribution shifts in changing environments, we will now modify the method of [Lee
et al.[(2022)) by replacing the Hedge algorithm with a locally adaptive method. Informally, this will
allow us to bound the worst case multi-objective loss over local subintervals given by

sup |max E ~ Py (x g(pv xtvyt) ) (5)

12 | fE£ &= pPi(a)| J

where the supremum is over some appropriate set of intervals I that we will specify shorty. Algorithm
gives our generic method. Here, WL denotes any procedure for learning the weights ¢(*). From here
on, we use the shorthand ¢(*) := Ep P, (2)[€(D; T4, Y1 )] to denote the expected loss of our randomized
predictor at time step ¢.

Algorithm 1 Locally adaptive multi-objective learning

Input: Set of objectives L, learning method WL
Input: Sequence of samples {(x1,41), ..., (zr,yr)}

1: gV = o WeL

2: foreach ¢ € [T] do

3 Py(xy) =argminmax Ep.p | > qét)f(]?a T, Yt)
PeA(y) V&Y teL

4:  Output ps () ~ Py()

5: ¢ = wL({g Vo<t {Bpmpy (o) [0y 26, y1) ec )

As a concrete instantiation, we will perform empirical experiments on the Fixed Share method
introduced in [Herbster & Warmuth| (1998) that modifies the Hedge update by adding an exploration
term that prevents any of the weights from collapsing to zero. A formal statement of this procedure is
given in Algorithm[2] As we will discuss in the next section, Fixed Share provides a multiobjective
learning guarantee locally on any interval of a fixed width. There are many possible alternative
methods that one could implement in the place of Fixed Share. For instance, one may consider the
strongly adaptive learning procedure of Daniely et al.[(2015) and |Jun et al.|(2017) that guarantee a
stronger notion of adaptive regret with dependency over the interval width || for all intervals I C [T7].
We have chosen to focus on Fixed Share due to its strong empirical performance.

Comparison to adaptive algorithms in literature. Previously, [Lee et al. (2022) proposed an
adaptive extension of their multi-objective learning algorithm that included additional objectives for
all subintervals. Formally, given an initial set of objectives L they consider the augmented collection
Lagapt. = {U(pe(e), 2, y:)1{t € I} | £ € L, 1 = [r,s] C [T]} and show that using these objectives
in the algorithm described in Section [2.1] guarantees the local bound

sup [max Z K(t)] < O(y/T(log(|L]) + 21og T),
I=[rsClT) | *€F )

where the supremum is over all contiguous intervals I C [T']. In our work, we propose to hold the set
of objectives fixed and instead use a locally adaptive procedure WL to learn the weights ¢(*).

3 THEORY

We will now state a theoretical guarantee for Algorithm[I] For concreteness, we will focus on the
case where the adversary learns the weights ¢(*) using the Fixed Share method given in Algorithm
[2l Similar results for other adaptive learning methods can be obtained in an identical fashion by
replacing the regret bound for Fixed Share (Lemmal ) with the associated bound for that method.
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The theory has two parts: a guarantee for the adversary’s distribution ¢ and a guarantee on the

learner’s response. We denote the | £|-dimensional vector of losses as Zg) = (0®) 4. All proofs are
deferred to Appendix [B} We first show that the maximum objective value over any time interval [ is
upper bounded by the average value of the individual objectives taken with respect to weights ¢(*).

Lemma 1. Consider Algorithm|l|with weights learned using Algorithm|2| Assume that v < 1/2.
Then, for any interval I = [r,s] C [T,

S S S 1 E
Zq(t)—rgg) > I?EaZ(ZE(t) — n(Zq(t)T(ég)f) - = (log (|’Y|> + |I|27>. (6)
t=r t=r t=r

n

Next, we show that the average value of the objectives is non-positive over any interval /. This lemma
follows from the minimax-optimal strategy of the learner and has been shown to hold previously
in|Lee et al.|(2022).

Lemma 2. Suppose the objectives satisfy Assumption|l| Then, for any interval I = [r,s| C [T],
Zq(m—é%) <0.
t=r

We combine the previous two lemmas to get our main result.

Theorem 2. Let v < 1/2 and assume that the objectives satisfy Assumption Then, for any
=[] C [T],

| £
il 1) < (t)T = =1
%ﬁﬂiz [(EZ >+NO%<7)+MM> @

The guarantee of Theorem [2]depends on the values of the fixed share hyperparameters -y, 7. To set
the best upper bound for a given interval I, we would ideally substitute the optimal values v = 1~

2|1
and n = | 2o8U£L 2””:{} in l ) and obtain
S a7l

1 2 ° log(|£| - 1))
72 ) « = 1 29T 1] - § T (2 — =\ Il V) .
réleaxm t ré 7] (og(|£| 1)) + t Tq (65) 0] 7]

In practice, we can only use one setting of these parameters and cannot specialize v and 1 to a specific
interval. To mimic these optimal choices, we let the user pick a fixed target interval width |I| = T,
noting that a smaller choice of T gives stronger locally adaptive guarantees at the cost of a looser
upper bound. Since the optimal value for 1 used above depends on the expected squared objective

S q®T (Eg))2 which is unknown in practice, we follow (Gibbs & Candes|(2024) in selecting an
log(|£]-27)+1
ZZ:ta—+1 g7 (55:3))2
adaptively track changes in the moving average of the expected squared objective over the most
recent 7 time steps. We also demonstrate the importance of this choice empirically in Appendix [G.1}

adaptive value of 7 that updates online as n = 1y :=

. This lets the algorithm

4  APPLICATIONS TO MEAN ESTIMATION AND QUANTILE ESTIMATION

As a case study, we focus on the multiaccuracy problem in this work. We consider two example
applications of Algorithm|I]to multiaccurate mean and quantile estimation. We defer the discussion
on quantile estimation to Appendix [C.3] Our goal in multiaccurate mean estimation is to learn
predictors that have small multiaccuracy error (2) while guaranteeing the prediction error () is low
relative to a given sequence of baseline predictions. We fix a function class Fya C {f : X — [0,1]}
that we desire multiaccuracy with respect to and define £ := {fma; , : f € Fma, 0 € {£}}U {lprea}
including the prediction error objective. We provide an orithm for locally adaptive multiaccurate
i

(t)

mean estimation in Alg.and its guarantee in Corollary The weights gy, ¢, and qéfe)d denote the

entries of ¢(*) associated with the multiaccuracy and prediction error objectives, respectively. Next,
we discuss the importance of including the prediction error objective in multiaccuracy problems.
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4.1 SIGNIFICANCE OF THE PREDICTION ERROR OBJECTIVE

In our applications, we will start with a base forecaster, p;(x;) that was constructed in advance for
that application. Our goal will be to improve p;(x;) to be multiaccurate. While doing this, it is
important that we do not degrade the accuracy of p;(x;), thereby rendering its predictions less useful.
Our algorithm achieves small multiaccuracy error while preserving the accuracy relative to a base
predictor by including an additional prediction error objective (). If such a base forecaster is not
available, one might consider omitting the prediction error objective and running our method with just
the multiaccuracy objectives £ = {lma,, : f € Fuma,0 € {£}}. In general, this is not advisable.
Indeed, if we exclude the regret objective in Algorlthml one can show that the best response of the

learner yields the predictor: p(z;) = b1{ dfo qMAf of(z) >0} +al{ e qMAf Jof(x) <
0}. This solution has a pathological behavior where the predictor will only take the extreme values
a or b at every step. This makes the predictions less useful and interpretable for real-time decision-
making in an online setting. Our prediction error objective recovers the predictor from this problem by
enforcing solutions that do not lie in the extremes. In practical settings where p; () is not available
in advance, we recommend combining our procedure with a standard online learning algorithm (e.g.,
online gradient or mirror descent) that provides an appropriate baseline (see, e.g., Algorithm [4)).

5 EXPERIMENTS

In this section, we present a set of empirical evaluations on real applications. In each example, we
define a baseline predictor sequence p;(x;) and a set of objectives we evaluate. We learn locally
adaptive predictors using the general recipe in Alg. [ZJand compare with baseline approaches we define
in Section[5.2} In Section[5.1] we specify for each dataset a practically and societally meaningful set
of covariates that define the function class F. We consider simulated examples in Appendix [H|and
compare the local adaptivity of all methods under different magnitudes of distribution shift.

5.1 DATASETS

GEFCom2014 electric load forecasting. In Section we introduced the binary load prediction
task and displayed the load and temperature trends over time (Figure [Ta). We set function class F to
be the indicator functions for the temperature groups {[0, 20), [20, 40), . .., [80, 100) }.We construct
our baseline predictions p; by linearly interpolating the quantiles forecasts of [Ziel & Liu|(2016),
whose method outperforms the top entries in the competition. See Appendix [E.2|for further details.

COMPAS dataset. [Larson et al.|(2016) analyzed the COMPAS tool used to predict recidivism for
criminal defendants in Broward County, Florida and found that certain groups of defendants are more
likely to be incorrectly judged as high risk of recidivism. In Figure 3] we plot the true recidivism
rate over time for different racial groups. We consider the recidivism prediction task and evaluate
the local multiaccuracy of predictors with respect to the African-American, Caucasian, and Hispanic
subgroups that constitute over 90% of the dataset. We use the COMPAS recidivism risk scores in the
dataset as our baseline predictions. The scores take integer values between 1-10 and we rescale to
[0, 1]. Following the analysis of Barenstein| (2019) who point the data processing error in the two-year
sample cutoff rule for recidivists, we drop the data points with screen date after April 1, 2014.

5.2 BASELINES

We consider baselines that differ in their adaptivity and the set of objectives in L. MA+pred denotes
the algorithm with the multiaccuracy and prediction error objectives £ := {lma;, : f € Fma,0 €
{£}} U {€prea}. We now explain the baselines. Baseline predictors p; are predictions that were
constructed in advance for the application and are our input to Algorithm [3] Multiaccuracy (MA)
with £ := {lya,, : f € Fuma,0 € {£}} is a specific case of Algorithmﬁwhere L does not include
lorea. We implement the online Multicalibration (MC) algorithm from|Lee et al.[(2022). This is a
competitive algorithm as multicalibration is a stronger condition than multiaccuracy. Lee et al.[(2022)
show that their algorithm can guarantee that predictions satisfy an accuracy objective (specifically,
low squared error) on subgroups in addition to multicalibration. Hence, we consider c as the squared
error in our prediction error objective pq. We take number of bins m = 10 as it is a reasonable



Published as a conference paper at CAO Workshop at ICLR 2026

—— p baseline
MA (locally adaptive)

.
<] . MC (non-adaptlve)
@ 0. e 02 — MC (locally adaptive)
> o MC (adaptive objectives)
€] c MA+pred (non-adaptive)
g o 0.0 MA+pred (locally adaptive)
3 S
.© B -0.2
= t
S o
so. -0.4
Q Q Q Q Q
AR K\ & o
Time

(a) GEFCom2014-L

5 0.3
= -
— o g '
] = v —— p baseline
> 002 | (W MA (locally adaptive)
® S | MC (non-adaptive)
3 43 —— MC (locally adaptive)
% 35 0.1 MC (adaptive objectives)
= [ —— MA+pred (non-adaptive)
= o —— MA+pred (locally adaptive)
s 0.0 -~ g =
Q Q O Q Q
A0 oY N N
Time
(b) COMPAS

Figure 2: Local multiaccuracy error (left) and prediction error (right), (a) GEFCom2014-L and
(b) COMPAS. We skip the initial time steps (10 for (a), 2 for (b)) to improve readability. For clarity,
comparison with MA+pred (adaptive objectives) is in Appendix [F:2] Ablations are in Appendix [G|

target for multicalibration. Lower values will give better multiaccuracy results at the cost of a much
weaker multicalibration guarantee. We evaluate for varying m in Appendix [E3]

We consider three variants for the algorithms: non-adaptive, locally adaptive, and adaptive
objectives. The non-adaptive variant corresponds to using Hedge to learn the weights in Algo-
rithm [T} the locally adaptive variant corresponds to using the Fixed Share update as stated in
Algorithm 2} and the adaptive objectives variant corresponds to using Hedge with additional objec-
tives for all subintervals. Specifically, the adaptive objectives method augments the objectives as
»Cadapt. = {E(pt(xt)vxtvyt)]l{t € I}vg € 'Ca-[ = [Tv S] g [T]}

5.3 LOCAL MULTIACCURACY AND PREDICTION ERROR EVALUATION

In this section, we evaluate the local multiaccuracy (/ma) and prediction error ({preq) incurred by
the algorithms. First, we consider results on GEFCom2014-L (Figure [2a)) using an interval width
7 = 336 hours (2 weeks). While the baseline predictor p, exhibits high ¢\, all algorithms improve
upon it; specifically, locally adaptive algorithms MA and MA+pred achieve near-zero ya over all
local intervals, whereas non-adaptive variants show high local variability. Notably, all MC variants
have significantly slower multiaccuracy rates in practice. Observing the prediction error (right panel),
the MA baseline has non-zero ,.q, whereas MA+pred consistently preserves or improves accuracy
over p;. MC generally yields negative prediction error, though with poorer adaptivity than MA+pred.

On COMPAS (Figure[2b] 7 = 50 days), non-adaptive methods again show minimal adaptivity to un-
derlying shifts, performing poorly on subgroups locally. Conversely, our proposed algorithm achieves
significantly better local multiaccuracy. While adaptive MC variants improve over non-adaptive MC,
their multiaccuracy rates remain substantially worse than MA+pred (locally adaptive). Although MA
(locally adaptive) yields slightly better multiaccuracy than MA+pred, it suffers significantly higher
prediction error (right)). We evaluate £y across a wider range of widths || in Appendix

6 DISCUSSION

We hope our work serves as an initial step toward bridging the empirical gap in this growing litera-
ture. Our evaluation focuses on a subset of objectives and validation on broader problems is interesting
future work. Further, empirical comparisons with other adaptive procedures for learning weights
could help determine whether local errors can be further reduced in practice.
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A RELATED WORK

Our work is most closely related to the literature on multi-objective learning that encompasses
numerous problems including multicalibration (Hebert-Johnson et al., 2018]), multiaccuracy (Kim
et al.,|2019), multi-group learning (Tosh & Hsul 2022)), and omniprediction (Gopalan et al., [ 2022)).
Each of these multi-objective criteria have been studied in both the online and batch settings. Most
closely related to our work, Kim et al.| (2019) and |Globus-Harris et al.| (2023) give algorithms for
obtaining multi-accurate and multi-calibrated (respectively) predictors in the batch setting that are
guaranteed to have accuracy no worse than that of a given base predictor.

In the online adversarial setting, a number of works develop algorithms for obtaining multiaccuracy,
multicalibration, and/or omniprediction globally over all time steps (Lee et al., 2022; |Garg et al.|
2024} |Okoroafor et al.,|2025; Haghtalab et al.,|2023a};[Noarov et al., [ 2025)). Our work will in particular
build on the algorithmic framework developed in |Lee et al.| (2022). This methodology has deep
roots in the online learning literature and builds on ideas arising from Blackwell approachability
(Blackwelll [1956)) and its connection to no-regret learning (Abernethy et al.,2011)).

To obtain time-local guarantees we will draw on the literature on adaptive regret (Herbster & Warmuth,
1998; |Daniely et al., 2015} Jun et al., 2017; [Haghtalab et al.| 2023b). Our work will most closely
rely upon the work of |Gradu et al.| (2023) to obtain multi-objective error bounds over any local time
interval. In the context of multi-objective learning, local guarantees have been discussed previously
in|Lee et al.| (2022). Howeyver, the literature contains no empirical evaluations of these methods. We
provide experiments evaluating the algorithms of [Lee et al.| (2022) in Section E] and find that our
approach achieves significantly lower error rates in practice.

B PROOFS

B.1 PROOF OF LEMMA[I]

We follow the calculations of |Gradu et al. (2023) and |(Gibbs & Candes| (2024). Note that while in
those earlier papers the losses are nonnegative, in our work the losses may take on negative values.

Let WD .= Zzwy) exp (n - L(pt(zt, e, y:))). We initialize wét) = 1forall ¢ € L. By

wl?
construction, the probabilities are defined as follows: q( ), Z - Thus,

W (t+1)
W = Z qét) exp (77 : f(pt(xm Lty yt))) :
el

Since 7 is small and ¢ is bounded between [—1, 1], |7 - ((pt(xt, z¢,yt)| < 1. We use the inequalities
1 —a < exp(—a) and for |z| < 1,exp(a) < 1+ a + a® to get

W t+1)

w®
Inductively, this implies that, for interval I = [r, 5],

2
< exp (ng™ 0O + 20T D7),

W (s+1)
T < exp an(t T () + q(t)Tg(f)
t=r

On the other hand, for any fixed ¢ € L, w(tH) >w (t) (1 — ) exp (n¢®). Without loss of generality,
we proceed with a fixed ¢, noting that the same calculations will follow for all £ € L. This gives

W(s+1) w(SJFl)

. S
o 2 e Z“_”)Ilqg)e}{p(z:”g(t))

t=r

> (1- mlexp (ana >
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Combining the two inequalities and taking logarithm on both sides yields

‘I‘(l— )+10g<£|) +an(t <an(t)T€(t)+772 (t)Té

t=r
We rearrange to get the following 1nequa11ty

s s S 2 1
SO > 300 n(zqawgﬂ ) + EIII(1 —7) +log <|£|)
t=r t=r t=r

As v < 1/2, we can use the inequality log(1 — 7) > —2+ to get the final inequality

s S S 2 1 ﬁ
Zq(t)ng) >3 e - ﬂ(Zq(t)Tf(Lt) > - 77(10g <|7|) + |I|2’Y>.
t=r t=r t=r

As the same calculation holds for any objective £ € £, we get the final result
S S S
30T S0 [ 3 g0 ®2) _1 1£l
t=r ! €£ Z %1632{ t=r g ! < t=r ! E‘C > N log v ! |I|2Fy .

B.2 PROOF OF LEMMA[2
This result was shown in Lee et al.| (2022) and we include their argument here for completeness.

Let u®(p,y) := 3 qét)f(p, z¢,y). Let A()) denote the space of distributions over ). Applying
¢

Sion’s Minimax Theorem, we get

min maxE, p[u(p,y)) = min max E,.p,wolu®(p,
PeA(Y) yEJ)i{ pp [ (. y)] PeA(Y) QeAéi) pPy~@ (U (P, )]

= Eprye[u® (p, y)]-
o285, 2y el o)

This conveys that the minimax-optimal strategy p; of the learner can achieve u(*) (p,y) as low as if
the adversary moved first and the learner could best-respond. Now, for a fixed distribution ¢ on Y
we have that by Assumptionthere exists p* such that E,.q[u) (p*,y)] < 0.

Thus, the minimax optimal strategy guarantees that min pe a (y) maxyey E,p[ul® (p, y)] < 0 for
all t € [T]. This yields the desired inequality

Zq(t)wg) <0
t=r

B.3 PROOF OF THEOREM[Z]
Applying Lemma [2]to the inequality (6) in LemmalI] gives

— DT g £l I127) <
Ipeag”é n(Zq oy ) <g<w>+"y <0.

Rearranging and d1V1d1ng both sides by |I| yields the desired inequality,

£
max-— M < q® Tﬁ(t) <lo <) + |72 )
e 2 Z =71 (Z A\ ) I

B.4 PROOF OF COROLLARY [C.1]

The proof follows by instantiating the set of objectives £ for multiaccurate mean estimation in
Theorem We take £ := {lma,, : [ € Fuma,0 € {£}}U {fprea}, Where Fya € {f : & — [0, 1]}
is the function class that we desire multiaccuracy with respect to and £,cq is the prediction error
objective. Plugging the objectives in (3)), this gives us the desired bound

11NN o® 0) log(|£] - 1)
max{maxl MAf(, |[|Z£Pred T .
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B.5 PROOF OF COROLLARY

The proof follows by instantiating the set of objectives £ for multiaccurate quantile estimation in
Theorem [2| We take £ := {of(x:)(1{y: < 0} — ) : f € Fma,0 € {£}} U {la(0r,y¢) —
lo,(0r,y1)}, where Fya C {f : X — [0, 1]} is the function class that we desire multiaccuracy with
respect to. Plugging the objectives in (3), this gives us the desired bound

max {%Xfﬂ S o f () (L{y: < i} —a), % S (B ye)—La(B1, yg} - 0( tostll 11D

N——

C DEFERRED ALGORITHMS

C.1 FIXED SHARE

Algorithm 2] gives a formal statement of the Fixed Share procedure (Herbster & Warmuth| [1998).

Algorithm 2 Fixed-Share weight update

Input: Weights at current timestep ¢(*); hyperparameters 1), 7.

Input: Losses for current timestep {£(9)} ¢
1: for each ¢ € [T] do

y gy _ e (n-0Y)
: ) =
dver qé't) exp (1 - £/
1 _(t+1
o=@t +
Output: Weights for the next time step ¢**+1)

,forall 4 € L

C.2 MULTIACCURATE MEAN ESTIMATION

We present the algorithm for locally adaptive multiaccurate mean estimation discussed in Section [4]
in Algorithm We use the shorthands 61(\,2\](’0 = o f(x¢)(ys — pe(x)) and 4)2(1 = c(pe(xe),ye) —
c(pe(x+t), y+) to denote the realized losses. Assuming c is convex, we note that since the objectives

fyva oo and {pq are convex we may assume without loss of generality that the predictor pe(xy) is

deterministic. The weights q&k f,0 and q(t)cl in Algorithm [3are used to denote the entries of ¢(*)

pre

associated with the multiaccuracy and prediction error objectives, respectively.

Corollary C.1. Consider the weights learned using Algorithm [3| with n = %.
t=nr q "L

Assume that v < 1/2. Then, for any interval I = |r,s] C [T,
max 35_ 64 s g®
f.o fio t=nr “pred _ IOg(‘E‘ljl)
ma"{ s e =0yl ).

In Section we discussed the significance of the prediction error objective in preserving the
accuracy relative to a base predictor sequence p;(z;). When p;(x;) is not available in advance,
we can combine our procedure with a standard online learning algorithm (e.g., online gradient or
mirror descent) that provides an appropriate baseline. Algorithm []gives a complete description of

this approach. In what follows, the weights ql(vi/)a, 7,0 and q;fe)d are used to denote the entries of ¢*)

associated with the multiaccuracy and prediction error objectives, respectively.

C.3 MULTIACCURATE QUANTILE ESTIMATION

Our algorithm can also be employed for quantile estimation. For a user-specified quantile level
a € (0,1), we seek to estimate quantile predictors 8¢ () that minimize

;;ﬂ{yt < Oi(z4)} —af.

13
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Algorithm 3 Locally adaptive multiaccurate mean estimation

Input: Function class Fma C {f : X — [0, 1]}; base predictor sequence p:(z¢),t € [T];
hyperparameters 7, 7.
Input: Sequence of samples {(x1,41),--., (zT,yr)}

1
I: ql(vuzrf,,, = m7 Vf € Fuma, 0 € {£1}.

RPN E D R 1
2 yreq = AT
3: foreach t € [T] do
(t)

40 pylay) = arg;nin m€a§ Z qﬁlf Lo f (@) (Y —p) + dpealc(p, y) — c(Pe(2), y))

s _thexp;m o (o) (e — po(ae))

T e a) exp (0 £ (py(xe), e, )

6 pea XD (7 {elos(en) ) — elprtee) )
Yever gy exp (- € (pi(1), 20, 1)

forall f € Fua,o € {£1}

. (t+1) _ ~(t+1)
T wag, = (=M s, F 2|fMA|+1
. (t+1) _ ~(t+1)
8 prea = (1= dpea T i
Output: Sequence of (randomized) predictors p1, ..., pr

Algorithm 4 Locally adaptive multiaccurate mean estimation (learning p; online)

Input: Function class Fya € {f : & = [0,1]}; Fprea = {f5 : B € R}; hyperparameters 17, .

Input: Sequence of samples {(z1,91), ..., (z1,y7)
1: qls/ll/)kf,g = 72|]__M1A‘+1, Vf c -FMAa S {:l:].}
() 1
2 pred = F[Fualt1
3: 61 =
4: foreacht € [T] do
50 By = Be =YVl (fp, (1), yt)
6 Pe(@e) := fp, (1)
T pile) = ergmin ma 3 Gin,., 0 @) (Y = ) + g (c(p,y) — c(Br(w1), )

forall f € Fua,o € {£1}

ey th exp (10 () 3 — ()
Z@/eg(Jg/)eXP (00 (pe(we), 24, Y1)
o e G exp (- <) c(pe(xe), ve) — c(pe(xe), mr)))
Ze'ec qe, exp (1 - 0 (pe(we), e, yt))
10 gty = (=), + sl
1 g’ = (1= ) et + o
Qutput: Sequence of (randomized) predictors p1, ..., pr

We refer to this objective as coverage and its interpretation is that 6; (x;) lies above y; with frequency
a. It is well known that minimizing the quantile loss ¢, (also referred to as pinball loss) produces the
desired quantile predictors. Given a sequence of baseline quantile predictors ét(a:t), our goal is to
update the predictions to satisfy the multiaccuracy criterion specified by Fya while preserving the
quantile loss £, relative to 6, (z;). We define £ := {0 f(x¢)(1{y; < 0;(z;)} — @) : f € Fun,0 €
{£}}U {E (0e(4), y1) — LBy (21), y:)}. We provide the explicit algorithm in Algorithm and its
guarantee in Corollary Note that we have to allow 6;(z;) to be random in this algorithm. The
weights ql(vf/)& 7,0 and qéﬁed in Algorithm are used to denote the entries of ¢*) associated with the
multiaccuracy and quantile loss objectives, respectively.

14
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Corollary C.2. Consider the weights are learned using Algorithmwith n= %.
t=r 9 c

Assume that v < 1/2. Then, for any interval I = [r, s] C [T,

max {maxI ZE%@t e lof(@)(L{y, <0} — o],

[1] & Z]Ewat(mf) (0,y:) — Lo (ét(xt),yt)]} O( 10g(||ﬁl|||f|)>

Algorithm 5 Locally adaptive multiaccurate quantile estimation

Input: Function class Fya € {f : X — [0, 1]}; quantile level «; baseline quantile predictors
0¢(x¢),t € [T]; hyperparameters 7, .
Input: Sequence of samples {(z1,y1),..., (zr,y7)}

1
I: qIE/I/)\fU = m7 Vf € Fuma,0 € {£1}.

e 1
2: qpred 2| Fmal+1

3: for each ¢ € [T] do

4 Ou(wr) = argmin max Eovo [, i, , o @)1y <0} = ) + o1k (¢a(0,4) — taOrw0) )|
oeA(y) VEY

5:  Output Oy (x) ~ Oy(zy)
) Biky P (0 Eono, oo f (@) (1{y < 0} —a)])

6 Qya,, = forall f € Fya,o € {1}
Sver ) exp (- Bono, (0, 24, y:))
e e (1 Eovoyool(fa(6: ) ~ La(Gr(zn). 1))
. pred T

Sper a exp (1 Eono, wn [0, 21, 41)])
. (t+1) _ ~(t+1)
8 qMAfa_(l_V)qMAfa—’_m

. (t+1) _ ~(t+1)
9: pred (1 - /7) qpred + m
Output: Sequence of (randomized) quantile predictors 61, ..., 601

D EXTENSIONS

Our general algorithm can be extended to several problems to achieve locally adaptive objective
minimization. We present the extensions in Table
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Objectives Interpretation

p; minimizes losses
£ € L against
competitor functions
ferF

Omniprediction Lpe(xe),ye) — (f (), ye)

p¢ minimizes £ for
groups g € G

against competitor

functions f € F

Multi-group learning I{z: € g}(l(pe(xt), ye) — L(f(w6),yt))

p minimizes ¢ for
distributions
Multi-distribution learning (Up, (pe(1),ye) — Lo, (f(x1), Y1) D;, i € [k] against
competitor functions

fer

Table 1: Examples of extensions of our general algorithm. We define the problem, set of objectives,
and the interpretation of the objectives. £’ denotes a finite class of losses.

E ADDITIONAL EXPERIMENTAL DETAILS

E.1 COMPAS DATASET

Moving average of recidivism rate

0.5
0.4 Yo ,
- African-American
0.3 Caucasian
Hispanic
0.2
0.1
N S O N N
¥ > > ¥ N2 ¥ 4 \
,1/0 "l/Q ’19 ’I/Q ,19 "l/Q Q Q
Date

Figure 3: COMPAS dataset. Moving average of true recidivism over time. We show 30-day moving
averages of y (recidivism indicator), computed overall and separately by racial group. For each
calendar date, outcomes are first averaged across all individuals screened that day and then reported
as a 30-day rolling mean.

E.2 GEFCoM2014 ELECTRIC LOAD FORECASTING

For our electric load forecasting experiment, we need to compute the hourly probability that electricity
demand exceeds a threshold (150 MW in our example) given quantile forecasts. We use linear
interpolation to estimate the full cumulative distribution function of the load from the quantile
forecasts of Ziel & Liu/(2016). Their method outperforms top entries of the competition. Fix a set
of quantile levels 0 < a; < --- < ay, and let the corresponding set of quantile forecasts at hour ¢
be é? P < éf ¥. Let Y; € R denote the hourly load. We estimate the cumulative distribution

function of ¥ by linearly interpolating between the points {(*, a;)}%_, . Formally, for any = € R

16
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0, T < aq,
@(Y<$): 17 UCZOék,
- ) QG — QG—1 é@i—l éai—l < éozi
al_l"’éai_éai,l (z—0771), 67 <z <oy
t t

Figure 4] shows the constructed baseline predictions p; for the task using the above procedure along
with the raw load variable.

True y vs p over time

o =
w o

(1 if LOAD = 150)

y
2o
o o

P(LOAD = 150)
)
wn

°
<)

Q
Ny

Q N Y QQQ
£

D © S

Figure 4: GEFCom2014-L: True load (y) and constructed predictions p;. We plot the moving
average of the binary y over a window size |I| = 336 hours (2 weeks) (top) and the baselines
predictions p; constructed from the quantile forecasts using linear interpolation (bottom) over time.

E.3 MULTICALIBRATION IMPLEMENTATION

We implement the multicalibration + calibeating algorithm in |Lee et al. (2022) and calibeat the

baseline forecaster sequence p;. We set the optimal choice of n = % that minimizes the

regret bound for the algorithm. We take the number of bins m = 10 and 10 level sets of the forecaster
throughout. Figure [5|shows the total multiaccuracy error and prediction error for varying values of m.
The total multiaccuracy error and prediction error are defined as the sum of the multiaccuracy and
prediction errors respectively over all local intervals of width 7. As m decreases, the multicalibration
algorithm approaches the multiaccuracy algorithm and the total MA error decreases. Even when
m = 2, MA+pred has lower total MA error and prediction error than MC on GEFCom2014-L (Figure
[5a). While the total MA error of MC drops below MA+pred on COMPAS with smaller m (Figure
[5b), this is accompanied by an increase in total prediction error. This method has an additional
hyperparameter 7 used to define a larger action space for the learner. Following|Lee et al.|(2022)), the
value of this parameter can be arbitrarily large and we take » = 1000.

F ADDITIONAL EXPERIMENTAL RESULTS

F.1 LOCAL MULTIACCURACY ERROR EVALUATION ACROSS VARYING INTERVAL WIDTHS |I|

While we use the fixed width values 7 = 336 for GEFCom2014-L and 7 = 50 for COMPAS in our
locally adaptive algorithm, we perform a general evaluation here over different interval widths |I|
in Figures[6|and[7] We find that while adaptivity improves the performance of the multicalibration
algorithm, MA+pred (locally adaptive) still has significantly better local multiaccuracy across all
interval widths on both datasets.

Next, we show quantitative results for a wider range of window sizes |I|. We plot the total multiac-
curacy error over all windows for a wide range of varying interval widths |I|. Results in Figure
show that locally adaptive MA+pred consistently outperforms all other adaptive algorithms despite
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(a) GEFCom2014-L
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Figure 5: Total multiaccuracy error and prediction error with varying m, (a) GEFCom2014-L
and (b) COMPAS. This is the same setting as Figure 2aland Figure 2b| where we now vary the number
of bins m.

|/| = 168 (one week)

|I] = 336 (two weeks)

|/| = 1000 (six weeks)

0.4 0.4 0.4
‘5 MC (non-adaptive)
= —— MC (locally adaptive)
0;0-3 03 03 MC (adaptive objectives)
@) —— MA+pred (non-adaptive)
g 0.2 0.2 0.2 —— MA+pred (locally adaptive)
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Figure 6: Local multiaccuracy error on GEFCom2014-L for different interval widths. We skip the
first thirty time steps when plotting the multiaccuracy error for improved readability.

I = 25 |I] = 50 |ll = 100

©0.125 MC (non-adaptive)
5 0.100 0.100 —— MC (locally adaptive)
>‘0.100 MC (adaptive objectives)
] 0.075 0.075 0.075 —— MA+pred (non-adaptive)
57 —— MA+pred (locally adaptive)
S 0.050 0.050 0.050
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o025 0.025 . 0.025
=

0.000 0.000 0.000
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Figure 7: Local multiaccuracy error on COMPAS for different interval widths. We skip the first two
time steps when plotting the multiaccuracy error for improved readability.

being tuned with a fixed width. While MC (locally adaptive) improves upon the non-adaptive MC
algorithm, the multiaccuracy error remains significantly higher than MA+pred (locally adaptive). It
is interesting to note that MC (adaptive objectives) does not achieve lower total multiaccuracy error
than MC (locally adaptive) despite its stronger theoretical guarantee over all subintervals.
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Figure 8: Total multiaccuracy error with varying interval width |I|, (a) GEFCom2014-L and (b)
COMPAS. This is the same setting as Figure|§| and Figure We vary the window width | 7] used for
the moving average of errors and plot the total multiaccuracy error under the curve.

F.2 COMPARISON WITH ADAPTIVE OBJECTIVES MA+PRED

In Section[5.3] we compared our proposed locally adaptive MA+pred algorithm with the adaptive
online multicalibration algorithm proposed in (2022). Now, we use the adaptive method

proposed in (2022) with the MA+pred objectives. See Figures[9] and [T0] for the results,
where the algorithm is labeled as MA+pred (adaptive objectives). We plot the total multiaccuracy
error in Figure[T0] which is defined as the sum of the multiaccuracy errors over all local intervals of
width |I]. Results show that while MA+pred (adaptive objectives) improves the multiaccuracy error
over the non-adaptive baseline, it is consistently outperformed by MA+pred (locally adaptive) in all
settings. This comparison shows that even when the adaptive baseline has the same objectives, the
locally adaptive algorithm exceeds its performance.

04 |/| = 168 (one week) 04 |I| = 336 (two weeks) 04 |/| = 1000 (six weeks)
5 : : ' —— MA+pred (non-adaptive)
£ —— MA+pred (adaptive objectives)
10.3 0.3 0.3 —— MA+pred (locally adaptive)
)
0.2 02 02
]
®
S0l 0.1 0.1
2 i
0.0 shds sl i as 0.0 0.0 -
N Q o N Q o N N Q Q N N
2 KN & P 2 o & & A o & PO
Time Time Time
(a) GEFCom2014-L
Il =50 1] = 100
—— MA+pred (non-adaptive)
0.100 0.100 —— MA+pred (adaptive objectives)

—— MA+pred (locally adaptive)

0.075 0.075
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0o o u o
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Multiaccuracy error

0.000
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Figure 9: Local multiaccuracy error for different interval widths |I|, (a) GEFCom2014-L and (b)
COMPAS. This is the same setting as Figure [f|and Figure[7 where we now show comparison with
the adaptive MA+pred algorithm.
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Figure 10: Total multiaccuracy error with varying interval width |I|, (a) GEFCom2014-L and (b)
COMPAS. This is the same setting as Figure@and Figure We vary the window width | 7| used for
the moving average of errors and plot the total multiaccuracy error under the curve.

G ABLATIONS ON HYPERPARAMETERS

G.1 VARYING 7

In this section, we consider three different choices of 7 in the locally adaptive MA+pred algorithm.

log | L]

1. n= : this is the optimal 7 that minimizes non-adaptive regret bound.
1 2| A 1)-2 1 . .
2. 1m = 08((21Fmal +1) - 27) + : we substitute the online updates
T
S (T )% 4 ) 09) % 40 the adaptive choice of 7; (Section [3) with th
s—t—r41 DA IMA Gprealprea 10 the adaptive choice of 7, (Section [3) with the

interval width 7.
1 2| Fp 1)-2 1 .. . .
; og((2| T‘?'Tt ))2 T)(—;_ = 5 this is the adaptive choice of 7 proposed
Zs:t—7+1 Ama £MA + qpredgpred

in Section[3] which is the default for our algorithm.

3.on=mn =

See Figures[TT]and [I2]for the results that show the local multiaccuracy error and total multiaccuracy
error respectively with the above choices of  and varying interval widths. Adaptive 7; consistently
dominates, followed by the the choice of 7 that uses interval width 7. These results establish the
importance of the choice of 7 in achieving local adaptivity separate from the uniform exploration.

G.2 VARYING T AND 7y

We now vary the fixed interval width 7 used for tuning the locally adaptive MA+pred algorithm. This
also results in different values of optimal v = 1/27. We evaluate the total multiaccuracy error for
different choices of 7 over windows of varying width |I| in Figure Results show that the total
error does not significantly change with different 7 values and that the locally adaptive algorithm is
robust to the choice of 7.

H SIMULATED EXAMPLES

We consider a set of simulated examples where we can control the distribution shifts over time. We
focus on a simple setting with a time-varying linear model
T 2
}/t :Xtﬁt+5t7 €tNN(O’0-),
where the covariates X; i.i.d. Gaussian,
Xt ~ N(O, Id),
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Figure 11: Local multiaccuracy error with varying n for different interval widths |I|, (a)
GEFCom2014-L and (b) COMPAS. This is the same setting as Figure[6| and Figure [7] where we now
show results with different choices of 7 in the locally adaptive MA+pred algorithm.
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Figure 12: Total multiaccuracy error with varying n and interval width |I|, (a) GEFCom2014-L
and (b) COMPAS. This is the same setting as Figure |§| and Figure[7| We vary the window width |[]|
used for the moving average of errors and plot the total multiaccuracy error under the curve with
different choices of 7 in the locally adaptive MA+pred algorithm.

and we specify the distribution shift entirely through the coefficients 3; € R?. The initial 3y ~
N (0, 31,) and we set

ﬁt = ﬁ0+utv7

where v € R? is a unit direction vector and (1¢)7._; controls the magnitude of the shift along direction
v. We consider jump discontinuities in p; of varying sizes. Specifically, we divide the time horizon
into three equally sized intervals and define y; to have small-amplitude jumps in the first and third
intervals and large-amplitude jumps in the second interval. We construct three jump—shift datasets
(small, medium, and large) by increasing the small-amplitude range and the large-amplitude range of

4t as

* small shift: p; oscillates between [—0.05, 0.05] in the small-amplitude regime and between
[—0.5,0.5] in the large-amplitude regime.
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Figure 13: Total multiaccuracy error for different 7 with varying interval width |I|, (a)
GEFCom?2014-L and (b) COMPAS. This is the same setting as Figure [|and Figure[7] We vary the
fixed width 7 used for tuning MA+pred (locally adaptive) and the window width |I| used for the
moving average of errors and plot the total multiaccuracy error under the curve.

* medium shift: u, oscillates between [—0.075,0.075] in the small-amplitude regime and
between [—1.0, 1.0] in the large-amplitude regime.

* large shift: p; oscillates between [—0.1,0.1] in the small-amplitude regime and between
[—1.5,1.5] in the large-amplitude regime.

We take d = 5 in our experiments. Figure El shows the final trajectories of p; and 3 o, the first
coordinate of 3, in all three jump shift settings.

We set function class F to be all the covariates such that f;(X) = X;, j € [d]. Figure|15|shows
the results comparing all algorithms across the three settings. While all algorithms reasonably adapt
to the distribution shift in the small jump shift setting, MA+pred (locally adaptive) consistently
outperforms all methods as the magnitude of shift increases. The difference is especially substantial
in the large jump shift setting. Results from these examples show that the proposed locally adaptive
algorithm is able to adapt to discontinuous and abrupt distribution shifts with better rates than existing
methods.

Small jumps Medium jumps Large jumps
1
I o0 /‘,d_l_l_l_ll’ /|/|J_|_|_|_|/|/
-1
Q Q Q Q O Q Q O ° N Q Q
AR < «° A »® ° A < «°
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(a) Trajectory for p; in the small (left), medium (mid), and large (right) jump shift settings.

Small jumps Medium jumps Large jumps
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o 0.0
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® ® O o ® ) O ) O ®
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(b) Trajectory for ;¢ in the small (left), medium (mid), and large (right) jump shift settings.
Figure 14: Trajectories for (a) 1+ and (b) B¢ o in the different jump shift settings. 3, o denotes

the first coordinate of ;. 5 ; is an affine transformation of u; by construction. Dashed vertical lines
denote the boundaries between the regime switches where the size of the distribution shift changes.
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Figure 15: Local multiaccuracy error in different jump shift settings, small (left), medium (mid),
and large (right) jump shifts.
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