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Introduction and Background

•Dependencies among arms in structural causal bandits (SCM-MABs) extend to
temporal dependencies in non-stationary environments through the causal lens.

•We introduce POMIS+, a temporally-aware framework that leverages information
propagation across time to identify non-myopic optimal intervention sequences.

⟨ Preliminaries for SCM-MAB (Lee and Bareinboim, 2018) ⟩
•Minimal Intervention Set (MIS): Minimal variable set among inter-
ventions sharing identical rewards. (µx,z = µx).

•Possibly-Optimal MIS (POMIS): Let X be a MIS. If there exists an
SCM M s.t. µx∗ ≥ µz∗, ∀Z∈Z \ {X}, then X is POMIS.

•Minimal Unobserved Confounder Territory (MUCT): A set of
endogenous variables governed by a set of unobserved con-
founders.
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• Interventional Border (IB): X = PaG(T) \T, for a MUCT T w.r.t. Y . (POMIS ⇐⇒ IB)

Non-Stationary MAB as a Structural Causal Model
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• In the non-stationary SCM-MAB (NS-SCM-MAB), values generated at time t (e.g., zt ,
xt) influence the structural functions at t ′ through transition edges (in red).

Definition (Non-Stationary SCM-MAB):
A structural causal bandit is non-stationary if there exist t < t ′ such that

P
(
Yt | do(Xt = xt), 1t>1 · I1:t−1

)
̸= P

(
Yt ′ | do(Xt ′ = xt ′), 1t ′>1 · I1:t ′−1

)
The disparity between reward distributions is referred to as a reward distribution shift.

Motivating Example

Sequential intervention selection: (G for task 1)
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•(a–b) At t = 1, the local slice shows that ∅ and {Z1} are the possibily-optimal inter-
vention sets, while X1 provides no benefit for Y1.

•(c) At t = 2, {X1} is a possibly-optimal intervention set for Y2 but sub-optimal for Y1.

POMIS+ and Graphical Characterizations

✓ POMIS with Future Support
•(Def. 5.2 (POMIS+ simplified ver.)) If Xt is a POMIS for Yt and Wt is a POMIS for Yt ′,
then (Xt ∪ Wt) can maximize the expected sum of the rewards Yt and Yt ′.

✓ Interventional Border for Future Rewards (IB+)
• IB+ is defined as the IB for Yt ′ but in Vt , where t ≤ t ′, it serves as
the interventional border for future reward Yt ′.

✓ Qualified Interventional Border (QIB)
•QIBt is the IB for Yt preserving the causal influence on Yt even
when IB+

t ,t ′ is fixed.
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⇒ In other words, IB+ captures the intervention set for Yt ′, while QIB captures the
intervention set for Yt . Both are in time step t .

Proposition 6.1 (Composition of POMIS+):
Given JG, YK, IB+

t ,t ′(G[
⋃t ′

i=t Vi], Yt ′) ∪ QIBt(G[Vt ], Yt) is a POMIS+
t ,t ′ for t , t ′ ∈ [T ] and

t < t ′.

Enumeration Algorithm and Experiments

Computing all POMIS+ intervention sequences
• Input. G, V, Y = {Y1, . . . , YT}.
•Step 1: Recursion in time. Find the earliest time index te
where IB+ appears. If te > 1, recursively repeat the proce-
dure until te = 1.

•Step 2: Combine current and future supports. When
reaching the beginning of the horizon (te = 1), take the
product of IB+

t and QIBt (Prop. 6.1) across all time steps:
this yields all POMIS+ intervention sequences.
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Experimental Results
•(Top) averaged cumulative regret and (Bottom) optimal arm probability
•Thompson Sampling in solid lines, kl-UCB in dashed lines
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Figure 5: Cumulative regret (top) and optimal arm selection probabilities (bottom) across tasks
(columns), with solid for Thompson Sampling and dashed for KL-UCB; shaded bands denote ±1 SD.

enumeration of all variable subsets. Given a causal diagram G and a sequence of reward variables Y,
the algorithm first constructs a subgraph G0 consisting of ancestors of the target reward variable Yt.
Then, all valid MUCT and IB pairs are identified in the graph G0(Line 6). The algorithm iteratively
explores each MUCT/IB pair, updating two key maps: I+ and Q, corresponding to IB+ (Def. 6.1)
and QIB (Def. 6.2), respectively (Line 8). Both I+ and Q map each time t to the selected intervention
variables via the functions IB+ and QIB. These maps are propagated through the recursive structure of
the algorithm, gradually expanding the intervention variables at each time step. If the earliest time-step
of variables currently stored in IB+ has not yet reached start time (t = 1), the algorithm recursively
calls itself to evaluate earlier time steps, taking the current I+ and Q as arguments (Line 10).
Conversely, suppose IB+ reaches the start time, indicating completion of the backward enumeration.
In this case, the algorithm generates all possible intervention combinations for each time step based
on the final IB+ and QIB maps, as stated in Prop. 6.1. It then enumerates all possible intervention
sequences by taking the Cartesian product of these timestep-specific combinations, adding each
sequence to the intervention sequence container S (Line 11). The construction of POMIS+ sequences
leverages graphical characteristics (i.e., IB+ and QIB) to reduce redundant computations across
time. The time complexity is exponential in both the horizon T and the number of variables |V|,
specifically O(22|V|·T ). The details of the time complexity are available in Appendix H. We now
show that the recursive enumeration performed by the algorithm is exhaustive and correct with respect
to the definition of POMIS+ sequences.
Theorem 7.1. (Soundness and Completeness). Given information JG,YK, Alg. 1 returns all interven-
tion sequences composed solely of POMIS+ sets.

8 Experiments

We evaluate how effectively the POMIS+ strategy captures long-term effects compared to the myopic
POMIS baseline. We conduct experiments3 on three settings, each designed to highlight different
aspects of temporal intervention planning. Detailed specifications for each task are provided in App. I.
We report two metrics—cumulative regret (CR) and optimal arm selection probability (OAP)—under
two MAB solvers: Thompson Sampling (TS) [Thompson, 1933] and KL-UCB [Cappé et al., 2013].

Task 1 (Fig. 3(a)): As shown in Fig. 5(a), CR of the TS for the POMIS+ strategy converges around step
20K (solid blue line). In contrast, the sequences constructed from the myopic POMIS strategy show no
sign of convergence (solid red line). Similar patterns are observed for the OAP result. Quantitatively,
by step 100K, the POMIS+ strategy achieves a CR of 1.9K±29 (TS) and 4.8K±43 (KL-UCB),
with optimal-arm probabilities (OAP) of 98.5±1.7% and 97.0±2.4%, respectively. Meanwhile, the
POMIS baseline performs substantially worse, with CR values exceeding 34K and 37K, while OAP
scores remain near zero. This result is attributed to the fact that myopic strategies fail to include
intervention nodes such as X1 for MUCT(G[V2], Y2) and X2 for MUCT(G[V3], Y3). The inability
to access such variables leads to critical long-term failures in non-stationary settings.

3A Python implementation can be found at: https://github.com/yeahoon-k/NS-SCMMAB.
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•Cumulative Regret: POMIS ≥ POMIS+ (the smaller the better)

Discussion and Conclusion

• Introduced NS-SCM-MAB, integrating non-stationary MAB with SCM to capture
evolving reward dynamics.

•Formalized POMIS+, a temporally-extended notion of optimal interventions

•Proposed a recursive algorithm constructing future-aware intervention sequences.
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