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ABSTRACT

In Causal Bayesian Optimization (CBO), an agent intervenes on a structural causal
model with known graph but unknown mechanisms to maximize a downstream
reward variable. In this paper, we consider the generalization where other agents or
external events also intervene on the system, which is key for enabling adaptiveness
to non-stationarities such as weather changes, market forces, or adversaries. We
formalize this generalization of CBO as Adversarial Causal Bayesian Optimization
(ACBO) and introduce the first algorithm for ACBO with bounded regret: Causal
Bayesian Optimization with Multiplicative Weights (CBO-MW). Our approach
combines a classical online learning strategy with causal modeling of the rewards.
To achieve this, it computes optimistic counterfactual reward estimates by
propagating uncertainty through the causal graph. We derive regret bounds
for CBO-MW that naturally depend on graph-related quantities. We further
propose a scalable implementation for the case of combinatorial interventions
and submodular rewards. Empirically, CBO-MW outperforms non-causal and
non-adversarial Bayesian optimization methods on synthetic environments and
environments based on real-word data. Our experiments include a realistic
demonstration of how CBO-MW can be used to learn users’ demand patterns
in a shared mobility system and reposition vehicles in strategic areas.

1 INTRODUCTION

How can a scientist efficiently optimize an unknown function that is expensive to evaluate? This
problem arises in automated machine learning, drug discovery and agriculture. Bayesian optimization
(BO) encompasses an array of algorithms for sequentially optimizing unknown functions (Mockus|
1975)). Classical BO algorithms treat the unknown function mostly as a black box and make minimal
structural assumptions. By incorporating more domain knowledge about the unknown function into
the algorithm, one can hope to optimize the function using fewer evaluations.

A recent line of work on causal Bayesian optimization (CBO) (Aglietti et al., |2020) attempts to
integrate use of a structural causal model (SCM) into BO methods. It is assumed that actions are
interventions on some set of observed variables, which are causally related to each other and a reward
variable through a known causal graph (Fig. Tb), but unknown mechanisms. Many important BO
problems might take such a shape. For example, managing supply in a Shared Mobility System
(SMS) involves intervening on the distribution of bikes and scooters across the city. Importantly,
Sussex et al.|(2022) show that a BO approach leveraging the additional structure of CBO can achieve
exponentially lower regret in terms of the action space size.

Most CBO methods to date assume that the system is completely stationary across interactions and
that only one agent interacts with the system. However, often it would be desirable to incorporate the
influence of external events. For example, in a SMS the day’s demand is highly non-stationary, and
can only be fully observed at the day’s end. We would like an algorithm that adapts to the variability
in these external events.

In this work, we incorporate external events into CBO by introducing a novel adversarial CBO
(ACBO) setup, illustrated in [Fig. Tk. Crucially, in ACBO the downstream reward is explicitly
influenced by potentially adversarial interventions on certain nodes in the causal graph (identified
using dashed nodes in[Fig. Tk) that can only be observed a-posteriori. For this general setting, we
propose a novel algorithm — CBO with multiplicative weights (CBO-MW) — and prove a regret
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Figure 1: Visualizations of Bayesian Optimization (BO), Causal BO (CBO), and the Adversarial
CBO (ACBO) introduced in this work. Agents must select actions a that maximize rewards Y .

(a) Standard BO assumes the simplest DAG from actions to reward, regardless of the problem structure.
(b) CBO incorporates side observations, e.g., Xo; X1 and causal domain knowledge. Each observation
could be modeled with a separate model. (¢) In ACBO (this work), we additionally model the impact
of external events (weather, perturbations, other players’ actions, etc.) that cannot be controlled, but
can only be observed a-posteriori. These are depicted as dashed blue nodes and could directly affect
the reward node, like & , or indirectly affect it by perturbing upstream variables, like a3; a}.

guarantee using a stronger (but natural) notion of regret than the one used in existing CBO works.
For settings where the number of intervention targets is large, we propose a distributed version
of CBO-MW which is computationally efficient and can achieve approximate regret guarantees
under some additional submodularity assumptions on the reward. Finally, we find empirical evidence
that CBO-MW outperforms relevant prior work in adversarial versions of previously studied CBO
benchmarks and in learning to re-balance units in an SMS simulation based upon real data.

2 BACKGROUND AND PROBLEM STATEMENT

We consider the problem of an agent interacting with an SCM for T rounds in order to maximize
the value of a reward variable. We start by introducing SCMs, the soft intervention model used in this
work, and then define the adversarial sequential decision-making problem we study. In the following,

Structural Causal Models Our SCM is described by a tuple hG;Y; X;F; i of the following
elements: G is a known DAG; Y is the reward variable; X = ing?;Ol is a set of observed scalar
random variables; the set F = TFigiZ, defines the unknown functional relations between these
variables; and = T ;gjL, is a set of independent noise variables with zero-mean and known
distribution. We use the notation Y and X, interchangeably and assume the elements of X are
topologically ordered, i.e., Xp is a root and X, is a leaf. We denote with pa; f0;:::; mg the
indices of the parents of the ith node, and use the notation Z; = Xjg; 2pa; for the parents this node.
We sometimes use X; to refer to both the ith node and the ith random variable.

Each Xj is generated according to the function f; : Zj ¥ Xj, taking the parent nodes Z; of Xj as
input: X; = fj(z;j) + 1, where lowercase denotes a realization of the corresponding random variable.
The reward is a scalar X, 2 [0; 1] whi@ observation X is defined over a compact set X;j 2 X; R,

and its parents are defined over Zj = 5., X; for i2[m l]

Interventions In our setup, an agent and an adversary both perform interventions on the SCMH
We consider a soft intervention model (Eberhardt and Scheines| |[2007) where interventions are
parameterized by controllable action variables. A simple example of a soft intervention is a shift
intervention, where actions affect their outputs additively (Zhang et al.,[2021}).

"Here we consider scalar observations for ease of presentation, but we note that the methodology and analysis
can be easily extended to vector observations as in|Sussex et al.| (2022)

2Qur framework allows for there to be potentially multiple adversaries, but since we consider everything
from a single player’s perspective, it is sufficient to combine all the other agents into a single adversary.
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First, consider the agent and its action variables a = fa;g{,. Each action a; is a real number chosen
from some finite set. That is, the space Aj of action aj is Aj  Rjg;1; where jAij = K;j for some
Ki 2 N. Let A be the space of all actions a = Fa;gjL,. We represent the actions as additional nodes
in G (see : @j is a parent of only Xj, and hence an additional input to ;. Since f;j is unknown,
the agent does not know apriori the functional effect of a; on X;. Not intervening on a node Xj can
be considered equivalent to selecting @; = 0. For nodes that cannot be intervened on by our agent,
we set Kj = 1 and do not include the action in diagrams, meaning that without loss of generality we
consider the number of action variables to be equal to the number of nodes m

For the adversary we consider the same intervention model but denote their actions by &’ with each
a defined over A} Rpo:1; where jAlj = K{ and K is not necessarily equal to K;.

According to the causal graph, actions a; a’ induce a realization of the graph nodes:
xi = fi(zi;ai;a)) + 14; 8i 2 [m]: (1)

If an index i corresponds to a root node, the parent vector z;j denotes an empty vector, and the output
of fj only depends on the actions.

Problem statement Over multiple rounds, the agent and adversary intervene simultaneously on the
SCM, with known DAG G and fixed but unknown functions F = ffig{; with fj : Z; A A? 1

Xi. Atround t the agent selects actions a..t = fa;.tgj, and obtains observations X..: = X1,
where we add an additional subscript to denote the round of interaction. When obtaining observations,
the agent also observes what actions the adversary chose a?;t = fa?;tg{lo. We assume the adversary
does not have the power to know a..x when selecting a?;t, but only has access to the history of
interactions until round t and knowledge of the agent’s algorithm. The agent obtains a reward given by

Yt = fm(Zm:t; am:t; mt)"‘ mit; (2
which implicitly depends on the whole action vector a..; and adversary actions a‘?. .

Be agent’s goal is to select a sequence of actions that maximizes their camulative expected reward

Mas;a t) where r(a..;; a t) =E yija.;a .+ and expectatlons are taken over 1 unless
otherw1se stated. The challenge for the agent lies in not knowing a-priori neither the causal model
(i.e., the functions F = Ffigi, ), nor the sequence of adversarial actions fa’.,g;_;.

Performance metric After T timesteps, we can measure the performance of the agent via the
notion of regret:

X X
R(T)=max r(a;a’y) r(a.; aly); 3)
az2A ' '
t=1 t=1
i.e., the difference between the best cumulative expected reward obtainable by playing a single
fixed action if the adversary’s action sequence and F were known in hindsight, and the agent’s
cumulative expected reward. We seek to design algorithms for the agent that are no-regret, meaning
that R(T)=T ¥ QasT ¥ 1, for any sequence a[:);t. We emphasize that while we use the term
‘adversary’, our regret notion encompasses all strategies that the adversary could use to select actions.
This might include cooperative agents or mechanism non-stationarities.

For simplicity, we consider only adversary actions observed after the agent chooses actions. Our meth-
ods can be extended to also consider adversary actions observed before the agent chooses actions, i.e.,
a context. This results in learning a policy that returns actions depending on the context, rather than just
learning a fixed action. This extension is straightforward and we briefly discuss it in[Appendix A.2]

Regularity assumptions We consider standard smoothness assumptions for the unknown functions
fi : S ¥ X defined over a compact domain S (Srinivas et al.,[2010). In particular, for each node
i 2 [m], we assume that F;( ) belongs to a reproducing kernel Hilbert space (RKHS) Hy;, a space of
smooth functions definedon S = Z; A A0 This means that f; 2 Hy, is induced by a kernel func-
tionkj :S S ¥ R. We also assume that k; (S s")  1foreverys;s’ 2 S[| Moreover, the RKHS

*There may be constraints on the actions our agent can take. We refer the reader to|Sussex et al.|(2022) for
how our setup can be extended to handle constraints.
*This is known as the bounded variance property, and it holds for many common kernels.
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norm off;( ) is assumed to be bound&tik,, B ; for some xed constanB; > 0. Finally, to
ensure the compactness of the doma@insve assume that the noiseis bounded, i.el,; 2 [ 1; 1]d.

3 RELATED WORK

Causal Bayesian optimization Several recent works study how to perform Bayesian optimization

on systems with an underlying causal graph. Aglietti &t al. (2020) proposes the rst CBO setting
with hard interventions and an algorithm that uses the do-calculus to generalise from observational
to interventional data, even in settings with unobserved confounding. Astudillo and Frazier (2021)
consider a noiseless setting with soft interventions (known as a function network) where a full system
model is learnt, and an expected improvement objective used to select interventions. Sussex et al.
(2022) proposéMCBO, an algorithm with theoretical guarantees that can be used with both hard
and soft interventiondVilCBO propagates epistemic uncertainty about causal mechanisms through
the graph, balancing exploration and exploitation using the optimism principle (Srinivas et al., 2010).
Causal bandits, which similarly incorporate causal graph knowledge into the bandit setting, usually
consider discrete actions with categorical observations (Lattimore et al., 2016) or linear mechanisms
with continuous observations (Varici et al., 2022). All of these methods consider only stationary
environments and do not account for possible adversaries.

Bayesian optimization in non-i.i.d. settings Multiple works study how to develop robust
strategies against shifts in uncontrollable covariates. They study notions of worst-case adversarial
robustness (Bogunovic et al., 2018), distributional robustness (Kirschner et al., 2020; Nguyen et al.,
2020), robust mixed strategies (Sessa et al., 2020a) and risk-aversion to uncontrollable environmental
parameters (Makarova et al., 2021; Iwazaki et al., 2021). Nonstationarity is studied in the canonical
BO setup in Kirschner et al. (2020); Nguyen et al. (2020) and in the CBO setup in Aglietti et al.
(2021). However, these methods do not accommodate adversaries in the system, e.g., multiple agents
that we cannot control. A foundation for our work is t8&-MW algorithm (Sessa et al., 2019)
which studies learning in unknown multi-agents games and is a special case of our setting. We
compare further wittGP-MW in Section 5. Another special case ©@80-MW with a speci c

graph isSTACKELUCB (Sessa et al., 2021), designed for playing unknown Stackelberg games with
multiple types of opponent (see Appendix A.1.1).

4 METHOD
In this section, we introduce the methodology for the proposed CBO-MW algorithm.

4,1 CALIBRATED MODELS

An important component of our approach is the use of calibrated uncertainty models to learn
functionsF , as done in Sussex et al. (2022). At the end of each raumee use the dataset

Di = fz..14; a;;l;t;a?;l:t ; X .19 Of past interventions to t a separate model for every node in the
system.CBO-MW can be applied with any set of models that have calibrated uncertainty. That is,
for every node at timet the model has a mean functiog; and variance function;; (learntfrom

D,) that accurately capture any epistemic uncertainty in the true model.

Assumption 1(Calibrated modél All statistical models arealibratedw.r.t. F, so that8i;t there
exists a sequence 2 R o such that, with probability atleagt ), forall z;; a;; a? 2Zi A A i°
we havgfi(zi;a;a%) i 1(zisa; )] t it 1(zi;&;ad), element-wise.

If the models are calibrated, we can form con dence bounds that contain the true system model with
high probability. This is done by combining separate con dence bounds for the mechanism at each

node. At timet, the known seM  of statistically plausible functions™ = ff7g, is de ned as:

M= F=ffigly; s.t.8i: fi 2Hy,; kfik, B i;and
4)
fi(zisaa)  w w(ziva;d) o 1(zicasd); 8z12Zia 2A ;a0 2A0 ¢
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GP models Gaussian Process (GP) models can be used to model epistemic uncertainty. These are
the model class we study in our analysis (Section 5), where we also give explicit formstifat

satisfy Assumption 1. For aill2 [m], let ;.o and fo denote the prior mean and variance functions

for eachf, respectively. Since; is bounded, it is also subgaussian and we denote the variance by
b?. The corresponding posterior GP mean and variance, denotedtgnd % respectively, are
computed based on the previous evaluatibps

it (Si1:) = Ke(Si1:)” (K¢ + BPl) X1 5)
i2;t (Si; l:t) = k(Si; l:l;Si; 1:t) kt(Si; 1:t)> (Kt + hzl t) lkt(si; 1:1) ; (6)

wheres;; 1.t = (Zj; 1.t Qj; 1:t5 a|0 1) Ke(Sipt) = [ k(si;j ) Si; l:t)]}:l ,andK = [k(si;j » Sigj 0)]j;j 0is
the kernel matrix.

Algorithm 1 Causal Bayesian Optimization Multiplica-
4.2 THE CBO-MW ALGORITHM tive Weights (CBO-MW)

We can now present the propose@O- Reql_Jire: paramet_ers;f 9 ;G kernel func-
MW algorithm. Our approach is based tionski and prior means; o =0 8i 2 [m]

upon the classic multiplicative weights 1: Initializew® = -(1;:::;1) 2 R™

method (Littlestone and Warmuth, 1994;2: for t =1;2;::: do

Freund and Schapire, 1997), widely used in3: Samplea; w!

adversarial online learning. Indeed, ACBO 4: Observe sampldsz;; ; X ; a g

can b_e seen as a specic structured online;. Update posteriors i (); 2 ()g™

learning problem. At tim¢, CBO-MW . for a 2 A do ’

maintains a weightv}, for evpry possible 7 Compute UC@(a; a9) using Algorithm 2
interventiona 2 A such that _wj =1 g: ¢ = min(L : UCBS(a: a%)
and uses these to sample the choseg. 4 ' A St

Wt+l / Wt exp( 9.'[)
. . . t a a a
Intervention, I.e.,a; Wa . Contrary end for

to standard CBO (where algorithms caf;. and for
choose actions deterministically), in
adversarial environments such as ACBO randomization is necessary to achieve no-regret, see,
e.g., Cesa-Bianchi and Lugosi (2006).

Then,CBO-MW updates the weights at the end of each round based upon what action the adversary
tooka? and the observations;. If the mechanism between actions, adversary actions, and rewards
were to be completely known (i.e., the functiof) in our setup), a standard MW strategy suggests
updating the weight for everg according to

wit / owhexp (- r(a;ad) ;

where is a tunable learning rate. In particula(a; a?) is the counterfactual of what would have
happened, in expectation over noise, hfdemained xed but the algorithm selectadnstead ofa;.

However, in ACBO the system is unknown and thus such counterfactual information is not readily
available. On the other hand, as outlined in the previous section, we can build and update calibrated
models around the unknown mechanisms and then estimate counterfactual quantities from them.
Speci cally, CBO-MW utilizes the con dence sé¥l tc;]compute amptimisticestimate of (a; ad):
[
UCBS(a;a% = max E yjF;a;a?: 7)
F2M

Given actiona, opponent actiom{ and con dence seM ¢, UCBIG(a; aY represents the highest
expected return among all system models in this con denceZ®O-MW uses such estimates to up-

date the weights in place of the true but unknown counterfactalsa?). ComputingUCB®(a; a%

is challenging since our con dence gdt; consists of a set ah different models and one must
propagate epistemic uncertainty through all models in the system, from actions to rewards. Because
mechanisms can be non-monotonic and nonlinear, one cannot simply independently maximize the
output of every mechanism. We thus defer this task to an algorithmic subroutine (denoted causal
UCB oracle) which we describe in the next subsection. CBO-MW is summarized in Algorithm 1.

We note thaCBO-MW strictly generalizes th& P-MW algorithm of Sessa et al. (2019), which
was rstto propose combining MW with optimistic counterfactual reward estimates. However, they
consider a trivial causal graph with only a target node, thaimgle GP model. For this simpler
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model one can comput.chBtG in closed-form but must ignore any causal structure in the reward
model. In Section 5 and in our experiments we sHOBRO-MW can signi cantly outperform
GP-MW both theoretically and experimentally.

4.3 CausaL UCB ORACLE

The problem in Eq. (7) is not amenable to commonly used optimization techniques, due to the
maximization over a set of functions with bounded RKHS norm. Therefore, similar to Sussex et al.
(2022) we make use of the reparameterization trick to writefar®y F 2 M  using a function
i Zi A A iO! [ 1;1]as
fi(za;8) = i wzese)+ w1z a8 (2 & 8); ®)
wherex; = fi(z; &; a,-o) + +; denotes observations from simulating actions in one of the plausible

models, and not necessarily the true model. The validity of this reparameterization comes directly
from the de nition of M { in Eq. (4) and the range of.

The reparametrization allows for rewriHng U@Eh termsof :Z A A Ol [ 117X
I

UCBS(a;a% = max E yjF;a;al; st.F=ffj g inEq. (8) (9)

In practice, we can parameterizefor ex- .
ampple with neural nerz)tvvorks, and maximizfﬁe‘Igorlthm 2 Causal UCB Oracle

this objective using stochastic gradierfRequire: neural networks , actionsa;a®, model
ascent, as described in Algorithm 2. The posteriors ; , parameter, repeatNep.

use of the reparameterization trick simpli-1: Initialize SOLUTIONS = ;

go from optimizing over functions with 3: Randomly initialize weights of each 2

a tricky constraintF 2 M () to a much 4: UCBSJ- = max () E[yj F;a;a’ computed
simpler constraint ( just needing output via stochastic gradient ascent on

in [0; 1]). Since the optimization problem 5; SOLUTIONS = SOLUTIONS[ f UCBt(;;j g.

is still non-convex, we deploy multiple ran- 6: end for

dom re-initializations of the parameters. 7: return max(SOLUTIONS)

5 ANALYSIS

Here we analyse the theoretical performanc€8O-MW and provide a bound on its regret as

a function of the underlying causal graph. For our analysis, we make some additional technical
assumptions. First, we assumefall F areL; -Lipschitz continuous. This follows directly from

the regularity assumptions of Section 2. Second, we assumgithathe functions ;, ;; areL ,

L Lipschitz continuous. This holds if the RKHS of ealghhas a Lipschitz continuous kernel (see
Curi et al. (2020), Appendix G). Finally, we assume the causal UCB oracle can always compute
UCBE(a; a9 (Eq. (9)) exactly.

In addition, to show how the regret guarantee depends on the speci ¢ GP hyperparameters used, we
use a notion of model complexity for each nade

i o= max (X fi) (10)

Ai fZ iA A ig
wherel is the mutual information and the observations.t implicitly depend on the GP input; .
This is analogous to the maximum information gain used in the analysis of standard BO algorithms
Srinivas et al. (2010). We also de ne
T =max gt (11)
I

as the worst-case maximum information gain across all nodes in the system.

Finally, we de ne two properties of the causal graph structure that the regret guarantee will depend
on. In the DAGG over noded X;g", , let denote the maximum number of parents of any
variable inG: =max ; jpa(i)j. Then letN denote the maximum distance from a root nodX tg:

N = max; dist(Xi; X ) wheredist( ; ) is the number of edges in the longest path from a éde

to X . We can then prove the following theorem on the regret of CBO-MW.
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TheorerB 1. Fix 2 (0;1), if actions are played according t€ BO-MW with | =
O B+ t 1+log(m=) and = (8logjAj)=T, then with probability at least

- N#1 L
R(T)=0 " Tlogij +© Tlog@=)+ B+ r+logm=)  NLNLFm" T

whereB = max; B;, tr =max ;. Thatis, 7 is the worst-case maximium information gain of
any of the GP models.

Theorem 1, whose proof is deferred to the appendix, showsXB&-MW is no-regret for a variety

of common kernel functions, for example linear and squared exponential kernels. This is because
even when accounting for the dependenceroin T, the bound is still sublinear ifi. We discuss

the dependence ofr onT for speci ¢ kernels in Appendix A.1.2.

Comparison with GP-MW  We can use Theorem 1 to demonstrate that the use of graph structure
in CBO-MW results in a potentiallgxponentiaimprovement in the rate of regret compared to
GP-MW (Sessa et al., 2019) with respect to the number of action variahl€onsider the graph
in Fig. 4b (see Appendix) for illustration. When &, in CBO-MW are modeled with squared
exponential kernels, we have = O(( +2)(log T)*3 ). This results in a cumulative regret that
is exponential in andN . Instead GP-MW uses a single high-dimensional GP (Fig. 4a), implying

T = O((log T)™) for a squared exponential kernel. Note tmt + N and thus, for several
common graphs, the exponential scalindNirand  could be signi cantly more favorable than the
exponential scaling im. Speci cally for the binary tree of Fig. 4b, wheh =log(m) and =2
the cumulative regret of CBO-MW will have onfyolynomialdependence om.

Furthermore, in addition to favorable scaling of the regrehirthe model class considered BBO-
MW is considerably larger than that GP-MW, because€CBO-MW can model systems where
reward depends on actions according to a composition of GPs basgdather than a single GP.

6 COMPUTATIONAL CONSIDERATIONS INLARGERACTION SPACES

The computational complexity &@BO-MW is dominated by the computation of the counterfactual
expected reward estimate for each possible intervemti@rmA (Line 7 in Algorithm 1). In many
situations, even with a large number of action variabfe$Aj may still be small and thus BO-MW

feasible to implement. A notable example is when there exist constraints on the possible interventions,
such as only being able to intervene on at most a few nodes simultaneously. In the worst case,
though,jAj grows exponentially wittm and thusCBO-MW may not be computationally feasible.

In this section we will show how prior knowledge of the problem structure can be used to modify
CBO-MW to be computationally ef cient even in settings with huge action spaces. We note that
the computational ef ciency o€BO-MW is not affected by the number of possible adversary
interventiongA 9 because these are only observed a-posteriori (inAdbtged not be nite).

The general idea consists of decomposiO-MW into adecentralizedalgorithm, which we call
D-CBO-MW, that orchestrates multiple sub-agents. First recallAheain be decomposed into
smaller action spaces sothfat= A; ::: A . We then considam independent agents where each
agent performsCBO-MW but only over the action spaég . Importantly, the observations of the ac-
tions of the other agents are considered pas ¥for that agent. Moreover, all agents utilize the same
calibrated modeM ; at each round. We provide full pseudo-code and theory in the appendix. Our
approach is inspired by Sessa et al. (2021) who propose a distributed analoG&f-thV algorithm.

In Appendix B we show that under speci ¢ assumptions on the reward fundie@BO-MW prov-

ably enjoys an approximate version of the guarantees in Theorem 1. Namely, we study a setting where
r is asubmodulaand monotone increasing functionafor any given set of adversary actions. Sub-
modularity is a diminishing returns property (see formal de nition in the appendix) widely exploited in

a variety of domains to derive ef cient methods with approximation guarantees, see e.g., Marden and
Wierman (2013); Sessa et al. (2021); Paccagnan and Marden (2022). Similarly, we exploit submodu-
larity in the overall reward's structure to parallelize the computation over the possible interventions in
our causal graph. In our experiments, we study rebalancing an SMS @B£feMW is not applica-

ble due to a combinatorial action space BUCBO-MW is ef cient and achieves good performance.
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Figure 2:CBO-MW achieves sublinear regret and high sample ef ciency on 3 function networks in
the presence of adversaries. Non-adversarial methods (GP-UCB and MCBO) achieve linear regret
and non-causal methods (GP-MW) are less sample ef cient.

7 EXPERIMENTS

We evaluateCBO-MW and D-CBO-MW on various synthetic problems and a simulator of
rebalancing an SMS based on real data. The goal of the experiments is to understand how the use
of causal modelling and adaptability to external factor€ BO-MW affects performance compared

to other BO methods that are missing one or both of these components. All methods are evaluated
over 10 repeats, with mean and standard error reported for different time horizons.

7.1 FUNCTION NETWORKS

Networks We evaluateCBO-MW on 8 diverse environments. As a base, we take 4 examples

of function networks from Astudillo and Frazier (2021). Function networks is a noiseless CBO
setup with no adversaries. To study an adversarial setup, we modify each environment by adding
adversaries' inputs in 2 ways: Penny and Perturb. In Penny, an adversary can affect a key node with a
dynamic similar to the classic matching pennies game. In Perturb, the adversary can perturb some of
the agent's interventions. The exact way in which the adversary's actions affect the environment is
unknown and the actions themselves can only be observed a-posteriori. In each round, the adversary
has a 20% chance to play randomly, and an 80% chance to try and minimize the agent's reward, using
full knowledge of the agent's strategy and the environment. The causal graph and structural equation
model for each environment in given in Appendix C.

Baselines We compare the performance @BO-MW (Algorithm 1) with GP-MW Sessa et al.
(2019) which does not exploit the causal structure. We additionally compare against non-adversarial
baselinesGP-UCB(Srinivas et al., 2010), ansllCBO (Sussex et al., 2022) which uses a causal
model but cannot account for adversaries.

Results We give results from 3 of the 8 environments in Fig. 2. Others can be found in Appendix C.
In general across the 8 environmemsCBO andGP-UCBobtain linear regret, while the regret of
GP-MW andCBO-MW grows sublinearly, consistent with TheoremdBO-MW has the strongest

or joint-strongest performance on 7 out of the 8 environments. The setting @BEPeMW is not
strongest involves a dense graph where worst-case GP sparsity is the sardaMi, which is
consistent with our theory. In settings such as Alpine where the graph is highly sparse, we observe
the greatest improvements from using CBO-MW.

7.2 LEARNING TO REBALANCE SHARED MOBILITY SYSTEMS (SMSS)

We evaluatdD-CBO-MW on the task of rebalancing an SMS, a setting introduced in Sessa et al.
(2021). The goal is to allocate bikes to city locations (using relocation trucks, overnight) to maximize
the number of bike trips in the subsequent day. The action space is combinatorial because each of the
5 trucks can independently reallocate units to a new depot. This makes the approaches studied in
Section 7.1 computationally infeasible, so we deploy D-CBO-MW. We expect the ré{vétatal

trips given unit allocation) to be monotone submodular because adding an extra unit to a depot should
increase total trips but with decreasing marginal bene t, as discussed in Sessa et al. (2021). The goal
is to compared-CBO-MW to a distributed version d6P-MW and understand whether the use of a
causal graph can improve sample ef ciency.
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(@ (b)
Figure 3: Learning to rebalance an SM8&). Green dots represent demand for trips, black crosses
are depot locations, and blue circles are scaled in size to the frequen&+®BO-MW assigns
bikes to that depot (averaged across all repeats and daySBO-MW assigns bikes in strategic
locations near high demand)(D-CBO-MW ful lls more total trips across over 200 days compared
to D-GP-MW which does not use a causal reward model.

Setup and trips simulator A simulator is constructed using historical data from an SMS in
Louisville, KY (Lou, 2021). Before each dayall 40 bikes in the system are redistributed across
116 depots. This is done Btrucks, each of which can redistribute 8 bikes at one depot, meaning
atrucki's action isa; 2 [116] The demand for trips corresponds to real trip data from Lou (2021).
After each day, we observe weather and demand data from the previous day which are highly
non-stationary and thus correspond to adversarial intervengibascording to our model. Our
simulator is identical to the one of Sessa et al. (2021), except we exclude weekends for simplicity.
We give more details in Appendix C.

We compare three methods on the SMS simulator. Fir®®ARDOM each truck places its bikes at a
depot chosen uniformly at random. SecoBdGP-MW modi es GP-MW using the same ideas as
those presented in Section 6. It is a special cade-€fBO-MW but using the graph in Fig. 1(a).

That is, a single GP is used to predi¢tgivena,; a?. Finally, we evaluaté®®-CBO-MW which

utilizes a more structured causal graph exploiting the reward structure. Based on historical data, we
cluster the depots into regions such that trips don't frequently occur across two different regions (e.qg.,
when such regions are too far away). Then, our graph models the trips starting in each region only
using bike allocations to depots in that regidf.is computed by summing the trips across all regions
(see Fig. 8 (b) in the appendix for an illustration). This system model uses many low-dimensional
GPs instead of a single high-dimensional GP as used in D-GP-MW.

Results Fig. 3 (a) displays the allocation strategyl@ofCBO-MW. We observe thad-CBO-MW

learns the underlying demand patterns and allocates bikes in strategic areas where the demand (green
dots) is higher. This plot is zoomed-in for readability. The allocation strategy over all depots is shown

in Appendix Fig. 9. Moreover, in Fig. 3 (b) we see thatCBO-MW is signi cantly more sample

ef cientthanD-GP-MW. This improvement is largely attributed to early rounds, wizr€ BO-MW

learns the demand patterns much faster than D-GP-MW due to learning smaller-dimensional GPs.

8 CONCLUSION

We introduce CBO-MW, the rst principled approach to causal Bayesian optimization in
non-stationary and potentially multi-agent environments. We prove a sublinear regret guarantee
for CBO-MW and demonstrate a potentially exponential improvement in regret, in terms of the
number of possible intervention targets, compared to state-of-the-art methods. We further propose a
distributed version of our approadb; CBO-MW, that can scale to large action spaces and achieves
approximate regret guarantees when rewards are monotone submodular. Empirically, our algorithms
outperform existing non-causal and non-adversarial methods on synthetic function network tasks
and on an SMS rebalancing simulator based on real data.
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REPRODUCIBILITY STATEMENT

Attached to this submission we include coditgs://github.com/ssethz/acbo ) that
implementsCBO-MW, D-CBO-MW and all baselines seen in the experiments. It includes code for

all function network environments and the SMS setting, which are also detailed in the appendix. All
datasets used in the SMS setting are also included at this url. The appendix includes information on
our experimental protocol, for example how we selected the hyperparameters for the experiments
shown in the paper.

All technical assumptions are given in the main paper, and complete proofs of all theoretical results
are given in the appendix. Pseudocode@®@O-MW is given in the main paper and pseudocode for
D-CBO-MW is given in the appendix.
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ADVERSARIAL CAUSAL BAYESIAN OPTIMIZATION

A APPENDIX

A.1 PROOF OFTHEOREM1

We start by proving that there exists a sequence tfiat allow Assumption 1 to hold.

Lemma 1 (Node Con dence Lemma.)LetHy, be a RKHS with underlying kernel functidn.
Consider an unknown functidn : Z; A © A 91X ;in Hy, such thatkf ky, B ;, and the
sampling modeti; = f (z;; aix ;a}?t )+ ! ¢ where! ; is b-sub-Gaussian (with independence between
times). By setting

p
t=Bi+b 2(¢ 1+log(m=));
the following holds with probability at leadt
ja(zisaa® fizoasa) o zicasad);
8zi;8;a°2Z°2A A% 8 1, 8i2[m]; where 1()and ; 1() aregiveninEq(5),

Eq.(6)and ; 1 is the maximum information gain de ned {f1).

Proof. Lemma 1 follows directly from Sessa et al. (2019, Lemma 1) after applying a union bound so
that the statement holds for ali GP models in our system. O

Now we give an upper and lower con dence boundifat eacht. Note that since in our setup al|
are assumed bounded[® 1], we can usé = %.

Lemma 2 (Reward Con dence Lemma)Choose 2 [0; 1] and then choose the sequericeg_;
according to Lemma 1.

8a;a; 2A A 0,8t we have with probability.
UCBS(a;a% Ci() r(a;a) UCBS(a;ad)

where we de neC;( ) as
V "

4
ki3

u
2
Ci()= LY;t NP mE, it l(Zi;t ) Qitt ;agt)

WedenelLyy =2 ((1+ Lf +2 (L )N.
Proof. The RHS follows rstly from Assumption 1 meaning that with probability at least

f 2 f f{g. The RHS then follows directly from the de nition of UCBIn Eq. (7).

The LHS follows directly from Sussex et al. (2022, Lemma 4). The addition of the adversary actions
does not change the analysis in this lemma because for agiagiis xed for both the true modef

and the model it fg that leads to the upper con dence bound. O
Now we can prove the main theorem. Choos2 [0; 1] and then choose the sequericeg_;

according to Lemma 1 so that Assumption 1 holds with probaldility. First recall that regret is
de ned as

X X
R(T)=  r(a;a)) r(a;ad)
t=1 t=1

P
wherea = arg max th1 r(a;ad). Now we can say that with probability at ledst 5

12
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X X
R(T) minf 1; UCB®(a;adg UCBS(ai;ad) Ci(=2) (12)
t=1 t=1
X
minf 1; UCB®(a;adg UCBS(a;ad)+  Ci(=2) (13)
t=1 t=1 t=1

where the rst line follows from Lemma 2.

Evaluating the last term we see

\
X p i X
c(=PPT 7 (=22 (14)
t=1 t=1
© ‘dxr g #
p
?P L3, 2NE it 1(Zie s ai s a) ? (15)
t=1 i=0
@o Ly.T NmeT : (16)

(x) comes from AM-QM inequality an) comes from plugging in fo€; (). Finally, (3) comes
from L1 being weakly increasing ihand from using the same analysis as (Sussex et al., 2022,
Theorem 1) to upper bound the sum &fwith 1.

Moreover, we can upper bound the rst two terms of Eq. (13) using a standard regret bound for the
MW update rule (Line 9 iCBO-MW), e.g. from (Cesa-Bianchi and Lugosi, 2006, Corollary 4.2).
Indeed, with probabilityh. 5 it holds:

X

Xt
minf 1; UCB®(a;ad)g UCB®(a;;ad) = O P T logjAj + P Tlog2=) : (17)
t=1 t=1

Using the union bound on the two different probabilistic events discussed so far (Assumption 1 and
Eqg. (17)) we can say that with probability at ledst

p p -
R(T)= O " TlogiAj + © Tlog@=)+ Ly M° Tm 1
Substituting in forLy, and  gives the result of Theorem 1.

A.1.1 STACKELUCB As A SPECIAL CASE

In Fig. 4 and Section 5 we give a comparison betw&érMW andCBO-MW, and see tha&P-MW

can be seen as a special cas€8&0O-MW with a one-node causal grapBTACKELUCB Sessa et al.
(2020b) is another online learning algorithm that can be seen as a special GBOdMW. We

show the graph in Fig. 5. IBTACKELUCB an agent plays an unknown Stackelberg game against

a changing opponent which at timéas representaticng;t. After the agent selects an actiag) ,

the opponent sees this action and responds based upon a xed but unknown response mechanism
for that opponent: their responseXs. = fo(a?,;t ;do:t). Then, the response, game outcovheand
opponent identity are revealed to the agent. The sequence of opponent identitiﬁ,ytigé:1 , can

be selected potentially adversarially based on knowledge of the agent's strategy.

A.1.2 DEPENDENCE OF 1 ONT FORPARTICULAR KERNELS

In Theorem 1, there is a dependence of the boundrorf 1 scales with at worsD P T ,then
the overall bound will not be i, resulting inCBO-MW being no-regret. + will depend on the

13
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Figure 4: An example of a binary tree graph to compare-MW andCBO-MW. In (a) we see
GP-MW ignores all observations and mod#isgiven all agent and adversary actions, resulting
a single high-dimensional GP. Meanwhile(l), for the same taskCBO-MW ts a model for every
observation resulting in multiple low-dimensional GP models.

e

%
Figure 5: The causal graph correspondingStecKELUCB, a special case of our setup. The
opponent actioiX o is played based on the opponent tyg3eand as a response to the agent's action
ag. The rewardY depends on the agent and opponent's action.

kernel of the GP used to model each system component. For simplicity, in this section we'll assume
that the same kernel is used for modelling all nodes, though if different kernels are used one just
needs to consider the most complex (worst scalingrofvith T)

For 1 corresponding to the linear kernel and squared exponential kernel, we have sublinear regret
regardless oN because 1 will be only logarithmic inT. In particular, a linear kernel leads to
1 =0( +1)log T)and asquared exponential kernel leadsite= O ( + 1)(log T)*?

However, for a Matérn kernel, where the best known bound is O ((T)®log(T)) with hyperpa-
rametel0 < ¢ < 1, the cumulative regret bound will not be sublineaNifandc are suf ciently large.

A similar phenomena with the Matérn kernel appears in the guarantees of Curi et al. (2020) which
use GP models in model-based reinforcement learning and in Sussex et al. (2022).

A.2 INCORPORATINGCONTEXTS INTOCBO-MW

Our approach can be easily extended to a setting whgrthe adversary actions at timeare
observed before the agent chooaesin this setting the adversary actions could be thought of as
contexts. Our method for computingCB® can be plugged into the algorithm of Sessa et al. (2020c).
Their algorithm maintains a separate set of weights for every context unless two contexts are “close' —
correspond to a similar expected reward for all possible

14
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Algorithm 3 Multiplicative Weights Update (MWU)
Require: setA; wherejAij = Kj, learning rate

1: Initializew! = Z(1;:::;1) 2 RK

2: function PLAY_%TION

3: p=w 1= J-='1W[i]

4 a p

5 return a /I sample action
6: end function
7.
8

function UPDATE(f ())

9:  f =min(1;[f(a)]aza ) 2 R /I rewards vector
10: w=w exp(f) /I MW update
11:  return

12: end function

Algorithm 4 Distributed Causal Bayesian Optimization Multiplicative Weights (D-CBO-MW)
Require: parameters; f (g 1;G; , kernel functiongk; and prior means;.o =0, 8i 2 [m]

1: Algot  MWU(A"); i =1;:::;m, Algorithm 3 /l initialize agents
2: fort=1;2;:::do

3: Algo;:PLAY_ACTION(); i =1;:::;m /I sample actions and perform interventions
4: Observe samplesz;; ; Xz ; a% g,

5 Update posteriors i (); 2 ()g™,

6 fori21;:::;mdo

7 fora 2 A do

8: Compute uch (&) = UCB?(ai a i al) fora 2 Aj using Algorithm 2

9: end for
10: Algo;:UPDATE(uch ());i=1;:::;m
11 end for
12: end for

B AN EFFICIENT VARIANT OF CBO-MW FOR LARGE ACTION SPACES

B.1 THE DISTRIBUTED CBO-MW (D-CBO-MW) ALGORITHM

For ease of readability in the pseudocode we pull-out some key functionality of the MW algorithm,
which we put into a class callddWU described in Algorithm 3. Each agent is an instance of

this class, i.e., each agent maintains its own set of weights over its actions, and updates to these
instances are coordinated By CBO-MW as described in Algorithm 4. Conceptually it can be
thought of asn instances oCBO-MW, where the action spaces of other agents are absorbed into
A° While for presenting the algorithm we always decompasasA | A and have each

agent control the intervention on one node, one could in practice choose to decompose the action
space in a different way. A simple example would be having agent one céntroA , and thus
designing the intervention for botk; X »

When computing th&)/CBC for a single agerit 2 [m], we will nd the following notation convenient.
Leta; 2 A; be the action chosen by ageérdat timet. a 1 2 A ; A are the actions chosen

at timet by all agents except agentNote that since the subspaces of the action space each agent
controls are non-overlapping, = A;j [A j. When agent chooses actions iA;, for convenience

we will from now on represent it as a vectorAnwith O at all indexes the agent cannot intervene. We

do similarly fora ix . Then we use the notation U§Bai ;a i1;ad) = UCBS(aix + a jr;ap).

B.2 APPROXIMATION GUARANTEES FOR MONOTONE SUBMODULAR REWARDS

In this section we show thad-CBO-MW enjoys provable approximation guarantees in case of
monotone and DR-submodular rewards. Both such notions are de ned below.
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De nition 1 (Monotone Function) A functionf : A R™ ! Ris monotone if forx vy,

f(x) f(y):
De nition 2 (DR-Submodularity, (Bian et al., 2017)A functionf : A R™ I R is DR-
submodular if, foralk 'y 2 A,8i 2 [m];8k Osuchtha(x + ke;j) and(y + kej) 2 A,

f(x +ke) f(x) f(y+ke) f(y):

DR-submodularity is a generalization of the more common notion of a submodular set function to
continuous domains Bach (2019). For our analysis, in particular, we assume that foa%tvérx\ 0

the reward functiom(a..; a?;t) is monotone DR-submodular &; .

We consider ACBO as a game played among all the distributed agents and the adversary. Our
guarantees are then based on the results of Sessa et al. (2021) and depend on the following notions of
average and worst-case game curvature.

De nition 3 (Game Curvature)Consider a sequence of adversary actafis::;a%. We de ne
the average and worst-case game curvature as

P
;1 [r r(2amax ;agt )i
r T . 0
t=1 [r F(O, a:;t)]i

. [r r(2amax ;aqt )i
falg_,)=1 inf -
whereamax = amax 1 andamax is the largest intervention value a single agent can assign at
any index. If2an,x is outside the domain af, then the de nition can be applied to a monotone
extension ofr overR™. A de nition of game curvature for non-differentiableis given in the
appendix of Sessa et al. (2021).

Cavg (fa% gl ) =1 inf 2 [0;1]

2 [0;1];

Curvature measures how closg; af);t) is to being linear in the agents' actions, withy = Cyc =0
coinciding with a completely linear function. The closér; af);t) is to linear, generally the easier the
function is to optimize in a distributed way, because a linear function is separable in its igpuis.
the worst-case curvature of ; a?t) across all rounds while cayg is the average curvature across
rounds. The curvature of ;a?t) will change witht becauseaﬂt will change across rounds.

We will without loss of generality assume thigD; a% = 0 for all a°. If this did not hold therr (0; a%)
could simply be subtracted from all observations to make it true. Then, we can show the following.

Theorem 2. Consider the setting of Theorem 1 but with the additional monotone submodularity and
curvature assumptions made in this section. Asgéme= K for all i. Then, if actions are played

according toD-CBO-MWwith { = O B+ t 1+log(m=) and = 8log(K)=T then
with probability at leastl.

| O — | p——
r(ag;ad) OPT m O B+ 1 +log(m=) NINLNmT T ¢+ (18)
t=1
P P
m O TlogK + Tlog(2m=) ;
with n o]

1
=max 1 cag(fagl;); 1+ cuc(fagl,)

P
andOPT = max s2a th1 r(a.; a?t) is the expected reward achieved by playing the best xed
interventions in hindsighB and 1 are de ned the same as in Theorem 1.

Proof. We will nd useful the notation of the regret of an individual agerz [m]. We will consider
the regret of each agent to be not in terms of the rewdrdt in terms of the feedback that agent
receives: the UCB. We therefore de ne

. X X
R'(T) = max UCBS(a;a iy ;ad) UCBS(ayt ;a i ;ad):
t=1 t=1
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It can be thought of as the regret of agenbmpared to the best xed action in hindsight, given that
the actions of all other agents are xed, and the agent is trying to maximize the sum of UCBs.

Using the above de nitions, and provided th?( ) are a valid upper con dence bound functions
on the reward (according to Lemma 2), we can directly apply (Sessa et al., 2021, Theorem 1). This
shows that with probabilitf. 5, the overall reward obtained iy-CBO-MW is lower bounded by

X X
r(ar;ad) OPT m C 5 RI(T):
t=1 t=1 i=1

where is de ned in Theorem 2 an@;( =2) is as de ned in Lemma 2. We note that Sessa et al.
(2021) stated their theorem for the case where the UCB was computed using a single GP model (our
setting with only a reward node and parent actions), however the proof is identical when any method
to compute the UCB is used with an accompanying con dence bound in the form of Lemma 2.

Then, we can obtain the bound in the theorem statement by further bounding the agentsRedigts
Indeed, because each agent updates its strategy (Line 10 in Algorithm 4) using the MW rule (Algo-
rithm 3), we can bound ead®' (T) with probabilityl 5— using Eq. (17). We can also substitute

in for C;( =2) using Lemma 2. Via a union bound we get our nal result with probability . O

C EXPERIMENTS

C.1 FUNCTION NETWORKS

We evaluateCBO-MW on 8 environments that have been modi ed from existing function networks
Astudillo and Frazier (2021). These have been previously used to study CBO algorithms Sussex
et al. (2022). We modify each environment in two ways (Perturb and Penny) in order to incorporate
an adversary, resulting in 8 environments total. For all environments we tried to make the fewest
modi cations possible when incorporating the adversary in a way that made the game nontrivial
while maintaining the spirit of the original function network.

Perturb environments allow the adversary to modify some of the input actions of the agents. Penny
environments incorporate some element of the classic matching pennies game into the environment.
If node X; has an adversary action parent, part of the mechanism for genexatwgl involve
multiplying another parent by the adversary action. Because the adversary can select negative actions
(see below), this results in a dynamic similar to matching pennies.

Throughout the setup and theory we assume that there is one action per node for simplicity. For
many of the function networks experiments there ma® be more than one action per node. Similar
theoretical results for this case can also be shown using our analysis.

In all environments we map the discrete action sgack 1] to the continuous domain of the
original function network. Usin@ as the continuous action at a single node ad the discrete
action input at that node, we always use mapg@rg 25 0.5 C;+ Cy, whereCy; C; de nes

some environment speci ¢ linear map that usually maps to the input space of the original function
network in Astudillo and Frazier (2021). We use the same mapping for adversary actions in Perturb
environments

For the adversary's actions in Penny environments, we use a more complicated mappiafjtath
to ensure that the adversary normally cannot s€leahich would result in a trivial game that the
adversary can solve by always playiag= 0. If K is even we use

0
= _2
K 1

1 2) 05 Ci+Cy

where =0:05. If K is odd we use
0= a’+0:5
K 1

@a 2) 05 Ci+ Cy

where = 0:05.
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Dropwave-Penny Dropwave-Perturb
m Alpine-Penny

r—O——I
& {(xo(0)

Rosenbrock-Penny Rosenbrock-Perturb

Figure 6: The DAGs corresponding to each task in the function networks experiments.

DAGs illustrating the casual structure of each environment are shown in Fig. 6. For some environ-
ments, we made the number of nodes smaller than the environment's counterpart in Astudillo and
Frazier (2021) for computational reasons. We give the full SCM for each environment at the end of
this subsection.

To select hyperparamaters for each method we perform a small hyperparameter sweep to select the
best hyperparameters, before xing the best hyperparameters and running 10 repeats on fresh seeds.
On all repeats the agent is initialized wm + 1 samples of uniformly randomly sampledanda®,

wherem is the number of action nodes.

Fig. 7 shows the regret plots for environments not already shown in the main paper. As discussed, we
nd that standard non-adversarial BO algorithms often fail to achieve sublinear regret aZBat

MW is often the most sample ef cient compared®@®-MW. Only on Ackley-Penny i&P-MW
obtaining a lower regret. This can be understood by our theory. Ackley-Penny is not at all sparse.
That is, m. Our Theorem 1 suggests that most improvement will come in high dimensional
settings with sparse graphs. This is made clear by the superior performa@&eMW on the
Alpine2 environments.

Here we systematically list the SCM for each environment.

Dropwave-Penny a 2 [0;2]%,a%2 [ 1;1]*. We have
Xo = kak;
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Figure 7: Regret plots for the function networks not already shown in

y = cos(3Xo) .

T 2+05%x2°”
This is the original Dropwave from Astudillo and Frazier| (2021) but with a modified input space and
a matching pennies dynamic on the final node.

Dropwave-Perturb a 2 [ 10:24;10:24]%, &’ 2 [ 10:24=5;10:24=5]*. Like many Perturb sys-
tems, the adversary has a smaller domain than the agent to prevent it from being too strong. We
have .

— a dg .
XO - al )

_ C0s(3Xo) .
~2+05%X¢°

This is the original Dropwave from Astudillo and Frazier| (2021)) but with one of the actions being
perturbed by the adversary.

Y

Alpine-Penny a 2 [0;10]%, @’ 2 [1; 11]*. We have
Xo= Pa sin(ao)
For nodes X; with an adversary parent we have
X = p;?sin(a?)xi 1;
and for nodes influenced by the agent we have
Xi= Pasin@Xi

This is the original Alpine2 from |Astudillo and Frazier| (2021)) but with an adversary controlling one
of the nodes instead of the agent. We shift that adversary’s action space so that they cannot O the
output with a fixed action.

Alpine-Perturb a 2 [0;10]%, @’ 2 [0;2]%. Let a; = a; + a’ for i when X; has an adversarial
action input, and a; = a; otherwise. We have
Xo = IoaTosin(ao);

Xi = p;?sin(ai)xi 1
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Rosenbrock-Penny a 2 [0;1]*, a’ 2 [0; 1]. We have
Xo= 100(a; a3)*> (1 ao)®+10;
Xi= 100(ai+1 &)’ (1 &)’ +10+X; 1 al;

where a] = 1 if there is no adversary over node i and otherwise a} = a:

Rosenbrock-Perturb a 2 [ 2;2]%, a" 2 [ 1;1]°. Let a; = a; + a} for i when X; has an
adversarial action input, and a; = a; otherwise. We have

Xo= 100(a; a3)*> (1 ao)?+10;
Xi= 100(aj+1 a?)? (1 a&)?>+10+X; 1

Ackley-Penny a2 [ 2;2]*, @' 2[ 1;1]'. Leta; = a; + a? for i when X; has an adversarial
action input, and a; = a; otherwise. We have
1 X

X0—4 |2

a
i

X1 = cos(2 aj);

TN

P
Y =20exp( 0:2 Xg) +e*:

Ackley-Perturb a2[ 2;2]* a’2[ 1;1]°. We have

1 X

Xo = 1 az;

P
Y =20aexp( 0:2 Xp) +eX:

This is the original Ackley from |Astudillo and Frazier| (2021) but with a matching pennies dynamic
on the final node.

C.2 SHARED MOBILITY SYSTEM

We use the same SMS simulator as|Sessa et al.[(2021) and thus we largely refer to this regarding
simulator details, unless otherwise specified. The simulator uses real demand data amalgamated from
several SMS sources in Louisville Kentucky |Lou| (2021). We treat the system as a single SMS where
all transport units are identical. A single trip taken in the Louisville data at a specific time is treated
as a single unit of demand in the simulator. The demand is fulfilled if the location of the demand
(where the trip started in the dataset) is within a certain distance (0.8km Euclidean distance) of a
depot containing at least one bike. If the demand for a trip is satisfied, a single trip starting from the
depot is counted and the bike is transported to the depot nearest to the end location of the trip in the
dataset, after removing the bike from the system for 30 minutes to simulate the trip having non-zero
duration. The simulator’s use of real trip data means that the geographical and temporal distribution
of demand, and its relation to the weather, is realistic.

The depots are not in the original trip data but constructed from the trip data using a similar procedure
to|Sessa et al.|(2021). The start location for every trip taken over the year is clustered via k-means,
and then clusters that are very close together are removed. This left 116 depots where bikes can be
left. We consider a system with 40 bikes, which are distributed initially by 5 trucks that place all
bikes in that truck at the same depot.

We further allocate depots to regions. These are constructed by using trip data across the whole year,
and using a heuristic that clusters depots into regions so that there is a low chance that any given trip
starts in one region and ends in another. As shown in [Fig. §|this leads to nearby depots often being in
the same region, which is reasonable. We get 15 regions R; to Ris.
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Figure 8: (a) The allocation of depots to regions. Depots of the same colour belong to the same
region. (b) For our empirical evaluation of D-CBO-MW we use a graph that computes trips for each
region and then sums these up to get total trips. Here we show a simplified version for 2 regions R
and Ry. The total trips in the first region XR, only depends on the number of bikes allocated to each
depot in Ry given by XlRl N Xjr;llj. This reduces the dimensionality of GPs used in the model. For
simplicity we have removed the agent’s action nodes from the graph since the relationship between
actions and bike allocations is a fixed known mapping.

Agent action @; is a one-hot 116-length vector for which depot truck i’s bikes are placed at.

We obtain 3 measurements for @} at the end of each day t. This is the day’s average temperature,
rainfall, and total demand (including unmet demand). These are part of a’ because they are out of
our agent’s control and not sampled i.i.d. across days. The agent must adaptively respond to these
observations over time. Weather data is the real weather from that day obtained from [Loc!

Observations X give the number of bikes at day start in depot number i within region r. X, is the
total fulfilled trips that started in region r. Reward Y is then the total trips in a day. All observations
are normalized to ensure they are fixed in [0; 1].

In|Sessa et al.|(2021)), 2 separate GPs are used to model weekday and weekend demand. For simplicity
we use a simulator that skips weekends, and therefore we don’t need a separate model for the two
types of day. No matter the algorithm used, the first 10 days of the year use the RANDOM strategy to
gather exploratory data to initialize the GP models for the X.

The graph used by D-CBO-MW is given in[Fig. §[b). The relationship between the bike allocations

and bike distribution at day start fX:rgrR:E’Rl is a fixed known function. The mechanism from the

starting bike distribution in a region r (XI), adversary actions @’ (weather and demand) and total trips
in region r over the day (Xy) is an unknown function that must be learnt for each r. The relationship
between total trips Y and its parents is known (sum over parents). For this kind of graph the output of
the Causal UCB Oracle (Algorithm 2)) will always set = 1, because more trips in any region results
in more total trips. For computational efficiency we therefore implement the Causal UCB Oracle to
set to 1 instead of optimising over
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Figure 9: Green dots represent demand for trips, black crosses are depot locations, and blue circles
are scaled in size to the frequency that D-CBO-MW assigns bikes to that depot (averaged across all
repeats).
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