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Abstract

Adaptive orchestration of heterogeneous agents requires making sequential dele-
gation decisions under uncertain and evolving agent behaviour, e.g., coordinating
specialised Al models with varying reliability, cost, and response quality. While
prior work on agent orchestration focuses on performance or cost, uncertainty in
agent reliability and output distributions is typically not modelled explicitly at the
orchestration level. In this work, we study the problem of adaptive orchestration
of heterogeneous agents under uncertainty, where a meta-controller must decide
when to delegate to a single agent, accounting for reliability, cost, and uncer-
tainty. We propose BOT-Orch, a lightweight framework that casts orchestration
as a bandit problem over agents, regularized by OT distances between agent out-
put distributions and task-specific reference distributions. We show that the regu-
larised orchestration enjoys O(\/T ) regret under standard assumptions, and prov-
ably induces preference ordering among agents with identical mean rewards but
differing distributional alignment. Empirically, we demonstrate that BOT-Orch
outperforms standard bandit and heuristic baselines in synthetic but adversarial
task allocation settings with heterogeneous, non-i.i.d. agent behaviour.

1 Introduction

Incorporating uncertainty when coordinating multiple decision-making entities is a fundamental
challenge across machine learning and autonomous systems [Wurman et al.l 2007, (Olfati-Saber,
et al.| 2007, [Shalev-Shwartz, 2012]. In real-world environments, where stochasticity is dominant
(e.g., partial and noisy observations), variability in agent capabilities makes centralized control im-
practical and can break classical solutions. Classical multi-agent frameworks (e.g., Dec-POMDPs,
stochastic games, DCOPs) explicitly model uncertainty in multi-agent decision-making but often as-
sume known system models, have limited scalability, or simplify agent interactions, restricting appli-
cability in complex coordination settings [Bernstein et al.,|2002| Oliehoek and Amato, 2016} Hansen
et al., 2004, [Heifetz et al., 2006}, |Shoham and Leyton-Brown, [2008| [Fioretto et al., 2018]. In practice,
heterogeneity in agent reliability, operational cost, and resource constraints further complicates coor-
dination, especially at scale where performance, risk, and cost must be jointly managed [Rizk et al.,
2019, |Arjun et al.| [2025]. Surveys in distributed decision-making and heterogeneous multi-agent
coordination consistently identify these issues as key barriers to scalable deployment [Olfati-Saber,
et al., 2007, Rizk et al.,2019].

Multi-agent reinforcement learning (MARL) provides tools for learning cooperative behaviors under
partial observability and decentralised execution [Busoniu et al.| 2008 [Hernandez-Leal et al.,[2019].
Value decomposition and centralized training with decentralized policies can maximize joint rewards
even with distinct roles and observations [[Sunehag et al.|[2018| |Rashid et al.,[2018|]. However, many
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MARL methods implicitly assume similar reliability and reaction costs, and rarely address adaptive
selection among heterogeneous agents of uncertain outputs.

Modern Al systems and multi-agent orchestration frameworks sharpen these challenges. In plan-
ning, reasoning, and Al agent teams, systems increasingly rely on specialized agents with differ-
ent expertise, reliability, and computational cost. Effective orchestration requires deciding which
agent(s) to invoke and when to combine multiple predictions for robustness. Recent work shows
that dynamic selection and composition conditioned on context can outperform static pipelines [Park
et al.| 2023| [Liang et al.;|2023|, |Cheng et al.| [2023]].

A natural abstraction for sequential decision-making under uncertainty is the multi-armed ban-
dit (MAB) framework, capturing the exploration—exploitation trade-off [Lattimore and Szepesvari,
2020, Bubeck and Cesa-Bianchi,2012f]. Multi-agent extensions study cooperation, regret minimiza-
tion, and communication among learners [Landgren et al.| 2016, (Gupta et al.,2021]]. Yet most ban-
dit models treat agents as interchangeable up to mean reward and ignore query costs, limiting their
suitability for orchestration with heterogeneous reliability, non-stationarity, and explicit invocation
costs.

Optimal Transport (OT) offers a complementary way to compare distributions and quantify discrep-
ancies between uncertain outcomes [[Villani, 2003} |Peyré and Cuturi, 2019]. OT is widely used
for uncertainty-aware distributional comparison in domain adaptation [Courty et al., 2016|], gener-
ative modeling [Arjovsky et al.| 2017, |Bousquet et al., 2017], and statistical inference [Panaretos
and Zemel, |2020]. However, OT remains underused in multi-agent coordination as a mechanism
to compare agent output distributions and guide adaptive orchestration. Recent work suggests OT
can be fruitfully combined with multi-agent reinforcement learning for scalability and alignment in
complex environments [Baheri and Kochenderfer, [2024]].

Our contribution.

o Bandit-based orchestration with OT alignment: We cast delegation over heterogeneous agents
as a stochastic bandit regularized by OT distances between agent output distributions and task-
specific references, enabling uncertainty-aware alignment and adaptive decision-making.

e Theoretical guarantees: We establish sublinear OT-regularized regret ([T]of Theorem4.T)), struc-
tural optimality and robustness to noisy alignment ([3), and convergence and consistency proper-

ties (SH4).

o Empirical validation under heterogeneity and shift: We evaluate BOT-Orch across synthetic
and semi-synthetic settings, including a human—Al triage scenario under deployment shift (Sec-
tion [6}{7), demonstrating consistent improvements over standard bandit and heuristic baselines in
both i.i.d. and non-i.i.d. environments.

2 Related Work

Agent orchestration. Prior work on agent orchestration largely focuses on selecting agents based
on expected utility or offline accuracy [Keswani et al., 2021} [Lai et al., 2022, |Rasal and Hauer,
2024]. However, these approaches often overlook practical constraints such as availability, cost, and
capability. Recent work on human—Al orchestration highlights how inter-agent interactions shape
system-level decision networks [[Collins et al.l [2024], yet uncertainty-aware adaptive orchestration
under realistic constraints remains underexplored. We address this gap via uncertainty-aware OT-
based orchestration. In a related direction, DiscoPOP [Lu et al.| 2024 learns loss functions without
human input, optimizing over objectives. This suggests that automatic objective discovery could
extend to orchestration.

Bandit approaches. Multi-armed bandits provide a natural framework for sequential decision
making under uncertainty, balancing exploration and exploitation [Lattimore and Szepesvari, | 2020,
Chen, 2024}, Tong, 2024} |]Anonymous| 2024]]. Recent surveys summarize advances in classical and
contextual bandits and their applications [Chen, 2024, Anonymous, 2024, while empirical studies
highlight design choices affecting performance [Bietti et al., 2021]]. Emerging work connects ban-
dits with large language models in complex environments [Xie et al., 2026]. Here, we use bandits
to learn orchestrations that maximize expected utility across heterogeneous agents with uncertain
performance.
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OT for uncertainty-aware orchestration. Optimal transport provides a principled framework
for comparing probability distributions via geometrically meaningful discrepancies [[Villani et al.,
2008]. We use OT to quantify uncertainty in heterogeneous agent outputs through distributional
disagreement and variability, building on recent work in OT-based uncertainty quantification [[Oliver,
et al., 2025alclb]. This yields uncertainty-aware weights capturing both confidence and disagree-
ment. The framework connects to distributional and uncertainty-aware reinforcement learning [Os-
band et al., 2013} Bellemare et al., 2017]], providing a unified approach to adaptive multi-agent
coordination with theoretical guarantees and strong empirical performance.

3 Preliminaries and Notation

3.1 Agents, Tasks, and Task Space

Let A := {ay,...,ay} denote a finite set of M agents, and let ¥ C R? be a measurable task
space endowed with its Borel o-algebra. Time evolves over a finite horizon of T rounds indexed
byt = 1,...,T. At each round t, a task z; € X arrives, forming a stochastic process (z;)%_;.

For each round s and each agent a; € A, let R € R denote the reward that agent a; would
obtain from handling task x,, and let W¢ € R denote the task—agent alignment cost (or mismatch
cost) associated with assigning task x, to agent a;. We collect these quantities into vectors R :=
(RL,...,RM)T ¢ RM and W, := (W}, ..., WM)T € RM. Task arrivals may depend on past
observations, environmental conditions, or previous assignments. Define the history up to (but not
including) time ¢ as H; := {(zs, Ry, W,)}.Z1. Then each task is drawn from a history-dependent
conditional distribution z; ~ P(- | H;), t = 1,...,T, where P(- | H;) is a probability measure
over X conditioned on the past history.

3.2 Correlated Multi-Agent Rewards

Recall that R; € R™ denotes the vector of rewards for all agents at round ¢ (defined in Section 2.1).
In general, rewards may depend on both the current task and past system outcomes. We model this
via the conditional first and second moments:

]E[Rt | .Z‘t,r}’lt} = I‘(It) + f(Rl;t_1), COV[Rt | It,Ht] = Et.

Here r : X — RM is the baseline task-dependent mean reward vector, f : RM*(t=1) _ RM
captures temporal dependence on past realized rewards (e.g., learning effects, fatigue, or system
congestion), and ¥, € RM*M jg a time-varying covariance matrix that models uncertainty and
cross-agent correlations at time ¢.

LLD. tasks as a special case. A common simplifying assumption is that tasks are independent and
identically distributed:
iid.
SCtNPX, t:1,...,T,
for some fixed distribution Px over X. If, in addition, rewards do not depend on past outcomes,
then the history H; provides no additional information once z; is known. In this case, the temporal
dependence term vanishes and the covariance becomes time-invariant:

E[R; | z¢] = r(zy), CovlRy | 2] = %,

where X is a constant matrix. This corresponds exactly to the special case of the correlated reward
model above with f = 0 and ¥; = X for all £. Thus, the i.i.d. setting removes both temporal
dependence in the mean rewards and time variation in the covariance structure.

3.3 Survival-Based Rewards with Latent Frailty

In many real-world systems, agent performance is naturally measured by the time fo complete a task
or time until failure, as in service response times, human or robotic workflows, or component life-
times. Such outcomes are commonly modelled using survival analysis, where the primary variable
is a time-to-event. Formally, let T;(i) > 0 denote the time-to-event for agent a; on task x;. Since
event times may be only partially observed, we introduce a censoring indicator §;(i) € {0,1},
where d;(7) = 1 indicates a fully observed event and d;(7) = 0 indicates right-censoring.
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Let S;(7 | @) = P(Ty(i) > 7 | ;) denote the survival function of agent a;, capturing the proba-
bility that the task is not completed by time 7, and allowing for heterogeneous performance across
agents and tasks. To model unobserved task-level factors affecting all agents, such as difficulty or
system load, we introduce a latent frailty variable 6, > 0, a shared random effect that multiplica-
tively scales task difficulty.

The survival model is given by P(T}(i) > 7 | z¢,0;) = Si(7 | z)%, Ri(i) = 6¢(i) Si(T3(i) | xt)et.
Under this formulation, agents on the same task share 6, inducing positive correlation in outcomes:
more difficult tasks lead to longer completion times for all agents. This survival-based reward model
is well-suited to settings involving reliability, speed, or risk, where hidden task-level factors jointly
influence performance.

3.4 OT-Based Alignment Costs

Beyond rewards, we also model how well an agent’s capabilities align with the requirements of a
task. In many applications, both tasks and agents are naturally described by distributions rather than
single feature vectors. For example, an agent may produce a distribution of outcomes (quality levels,
response times, error types), while a task may specify a desired target distribution over outcomes.

Let u; € P(Y) denote the outcome distribution induced by agent a; over a measurable space ),
and let v, € P(Y) represent the reference or desired outcome distribution associated with task z;.
We quantify the mismatch between an agent and a task using the Wasserstein distance W, (v, 1),
which measures the minimal cost of transporting mass from one distribution to the other under
ground cost c. This provides a geometrically meaningful notion of alignment that accounts for the
full distribution of outcomes rather than just summary statistics.

To incorporate randomness and modeling noise, we define the stochastic alignment cost W (i) :=
We(vt, ;) + €.(i), with €,(i) ~ N(0,0?). This formulation captures both systematic mismatch
(via the Wasserstein term) and unpredictable variability (via €;(7)). Introducing alignment costs at
this stage allows us to jointly model (i) how well an agent is suited to a task and (ii) the stochastic
rewards that result from performing it, providing a unified framework for assignment decisions under
uncertainty.

3.5 Orchestration Policy and Objective

We now formalize the decision-making problem faced by the orchestrator. At each round ¢, after
observing the task x; and past history H;, the orchestrator selects a randomized assignment policy
m € A(A), where A(A) denotes the probability simplex over agents. An agent i; ~ 7 is then
sampled and assigned to handle task x;. Randomized policies allow exploration and robustness to
uncertainty in agent performance.

Given a policy m, the expected net reward at round ¢ is defined as
Ri(m) =] (x(z) = AEDVI]), A >0,

where r(z;) € RM is the vector of expected task-dependent rewards and W; € R is the vector
of alignment costs. The scalar parameter A > 0 controls the trade-off between maximizing perfor-
mance and minimizing mismatch costs. Thus, R;(m;) represents the expected utility of assigning
the task according to 7, balancing reward quality against alignment penalties.

The overall objective is to maximize the cumulative expected net reward over the time horizon:

T
J(myr) = Z E[R¢ ()],
=1

where the expectation is taken over task arrivals, reward randomness, alignment noise, and the
orchestrator’s own randomization. This objective formalizes the goal of learning an assignment
strategy that performs well on average while accounting for uncertainty and task-agent compatibility.

We may also consider a finite set of candidate orchestration strategies S = {s1,..., Sk}, where

each strategy s;, specifies a rule for selecting policies wt(k) based on the observed history.
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3.6 Regret and Optimal Policy

The optimal policy for known rewards and alignment costs is

wj = arg max w7 (v(e) ~ AEDV]). (M
with cumulative regret
T
Ry =3 ()7 (v(ze) = NEDV]) — S E[Ry(my)]. 2)
t=1 t=1

For i.i.d. tasks, the regret simplifies due to stationarity. For non-i.i.d. tasks, Ry captures efficiency
loss arising from temporal correlations, history-dependent distributions, and uncertainty in strategy
selection.

4 Theoretical Properties

We begin by stating the standing assumptions that remain in force throughout.

(A1) The ground costc: Y x Y — R, is L-Lipschitz and bounded.
(A2) Rewards are uniformly bounded: 0 < Ry (i) < Rp,ax for all ¢ and all actions i € A.
(A3) The frailty variables (6;);>1 admit finite exponential moments.

(A4) Conditional on (z, 8;), censoring is independent of survival time.

(A5) The learning rate satisfies 7, = O(t=1/2).

Assumptions (A1)—(A5) ensure: (i) stability of Wasserstein distances under empirical perturbations;
(ii) sub-exponential behaviour of frailty-adjusted rewards; (iii) well-posedness of the induced soft-
max stochastic approximation dynamics.

We remark that these conditions are standard in the literature on stochastic approximation,
Wasserstein-based learning, and frailty-adjusted reward models [Ambrosio et al., 2008, Shalev-
Shwartz and Ben-David, 2014/ [Trillos and Slepcev, 2016]. In practice, they are not restrictive:
Lipschitz and bounded costs are typical in OT and multi-agent learning applications, bounded re-
wards naturally arise in reinforcement learning, and learning rates of order t~1/2 are widely used to
guarantee convergence. Moreover, our framework generalizes several prior works by allowing frailty
variables with arbitrary distributions admitting finite exponential moments, rather than restricting to
specific parametric forms [[Del Barrio and Loubes, 2019} |Wang et al.l 2020].

4.1 Main Results

Following the assumptions in Section @] we now present the main theoretical guarantees for the
OT-regularised bandit model. The regret analysis is conducted for a general exponential-weights
(softmax) procedure applied to bounded, OT-regularised reward signals. Importantly, the resulting
guarantees depend only on the boundedness of these rewards and are independent of the specific
generative model.

The additional modelling components introduced in the setup, namely, correlated rewards, survival-
based frailty, and non-i.i.d. task generation—serve as a motivating probabilistic framework in which
such bounded reward processes naturally arise. They are not directly used in the regret derivation,
but instead provide one possible instantiation of the abstract reward model. Proofs are provided in
Appendices

Theorem 4.1 (Performance and Convergence of OT-Regularized Bandits). Let A be a finite set of
agents, and let (74(1));c 4 denote the BOT-Orch alignment-adjusted rewards defined by

(1) = 74(1) — AWe (i, vie),

where 7.(1) is the empirical reward, ; is the agent-specific outcome distribution, v is the target
distribution at time t, and W, is the ground-cost Wasserstein distance. Assume (Al)—(A5) hold.
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Environment BOT-Orch No-OT (A=0) Random UCB1 (MAB)
1ID
1ID-G 537.434+16.57 656.314+22.64  673.99+19.08  664.89429.85
1ID-M 459.84+9.27  545.85+17.74  553.07+19.16 549.48+7.40
Non-IID
NonlID-BB | 410.04+71.06 503.14+91.24  520.284+101.61  496.60179.57
NonlID-PS 571.43+18.71 713.81425.79  734.65+30.08  729.51+28.34
NonlID-SD | 564.13+18.11 717.24+22.51  707.69+18.33  708.60116.06

Table 1: Cumulative Alignment Cost (mean + 95% CI across 5 seeds; 7' = 200). Best in bold.

Let i} = argmax;c4 7:(i) denote the optimal agent at round t, and define the OT-regularized

cumulative regret by
T

Ry =Y (Fulif) — #4(ir)),
t=1
where iy is the agent chosen by the BOT-Orch policy at round t. Let ¢y = m:(-) denote the strategy-
mixing vector. Suppose that the initial conditions are well-defined, i.e., 7'y (%) is finite for all i € A,
and g € AAI=1. Then, the following statements hold:

1. Sublinear OT-Regret. The cumulative OT-regularized regret satisfies Ry = O(v/T).

2. Structural OT-Optimality. For any two agents i,j € A with 74(1) = 7¢(§),
FWeps, ve) < We(pj, ve), then 7(i) > ().

3. Margin Robustness under Noisy Alignment. Suppose the observed Wasserstein distances are
perturbed by independent Gaussian noise €;(i) ~ N'(0,02),

defining We(pi,ve) = Welpi,v) + €:(3), and let Aj; = We(pj,ve) — We(pi, ve). If it holds
|Ai;] > 0v/2Tog 2, then P(7,(i) < 7,(j)) < 1/4.

4. Convergence of Orchestration Weights. The sequence of policy vectors (¢;)i>1 converges al-
most surely to a stable equilibrium ¢, of the limiting ODE ¢ = Softmax (E[f]) — .

5. Uniform Consistency of Empirical Rewards. Let (i) denote the empirical average of frailty-
adjusted rewards for agent i. Then,
icA t—o0
We note that Theorem [4.1] provides a foundational characterization of OT-regularized bandit learn-
ing. It integrates distributional alignment into the reward structure, yielding principled agent dif-
ferentiation [2] sublinear cumulative regret [I] robustness to noisy observations [3] convergence of
orchestration weights 4] and uniform consistency of empirical rewards [5] The framework enables
heterogeneous agents to learn coordinated policies under distributionally-aware uncertainty, sup-
porting robust, adaptive orchestration in stochastic, partially observable environments. When task-
specific reference distributions are unavailable, they can be constructed using Wasserstein barycen-

ters [Chewi et al.| 2025]] of observed empirical task distributions. We refer the reader to Appendix
for a proof of Theorem [.1}

5 The proposed algorithm

BOT-Orch combines bandit-based selection with OT alignment and survival-based rewards to han-
dle heterogeneous, non-stationary agents. In the i.i.d. task setting (Algorithm[I]in the Appendix),
a Boltzmann policy selects agents using exponentially smoothed rewards penalized by OT mis-
alignment, balancing exploitation and alignment, while survival rewards capture latent difficulty,
censoring, and reliability. The non-i.i.d. extension (Algorithm [2]in the Appendix) allows history-
dependent task distributions and reward updates, handling temporal correlations, non-stationarity,
and regime shifts via a correction term that encodes memory effects. Overall, BOT-Orch is a risk-
aware, alignment-regularized bandit algorithm in distributional space, where OT enforces task-
agent compatibility and survival rewards provide robustness to censoring and heterogeneity. Its
modular design accommodates alternative OT solvers, survival models, and exploration schemes,
and motivates regret analysis under composite reward—cost objectives as well as questions of con-
vergence and adaptivity in non-stationary environments.
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Cumulative Net Utility Oracle Regret

Environment BOT-Orch No-OT (A=0) Random UCB1 (MAB) BOT-Orch No-OT (A=0) Random UCBI1 (MAB)
11D

1ID-G -467.528+17.60  -588.341+23.19  -605.71£18.91  -603.31429.13 | 122.6515.68 2434741426 260.83+11.59 258.43418.11
1ID-M -386.10£10.04  -478.544-20.49  -482.81+18.65 -484.5749.35 74.701+5.45 166.25+11.99  170.52£10.99  172.284+8.40
Non-IID

NonIID-BB -335.25+70.42  -434.01186.69 -449.344100.73  -426.09£79.48 76.851+7.42 175.61£16.44  190.94+31.44  167.69£19.20
NonIID-PS -498.28+22.49  -642.774+2589  -666.10£29.31  -663.22427.77 | 126.77£11.68 271.26+11.84 294.584+20.25 291.71+14.45
NonlID-SD -492.92+18.74  -644.68421.62  -637.82+18.54  -643.69+17.20 | 128.774+13.30  280.53+10.81  273.67+10.74  279.54£11.52

Table 2: Cumulative Net Utility and Oracle Regret (mean £ 95% CI across 5 seeds; 7' = 200). Best
in bold.

6 Synthetic Experiments

6.1 Dataset and Task Description

We consider both i.i.d and non-i.i.d. regimes (see Fig. P}{3]in the Appendix):

* IID-G: Tasks z; sampled i.i.d. over X. Agent rewards drawn i.i.d. from fixed Gaussian distribu-
tions with matched mean (=~ 0.5) but heterogeneous higher-order shape.

* IID-M: Tasks z; sampled i.i.d. from a half-moons distribution. Agent rewards drawn i.i.d. from
fixed distributions with matched mean (= 0.5) but differing variance/skewness/bimodality.

* NonlID-PS: Piecewise-stationary rewards: mean fixed, variance shifts at unknown changepoints,
inducing distributional shifts without mean change.

* NonIID-SD: Smooth non-stationarity via sinusoidal drift in reward means.

* NonlID-BB: Latent reward means follow a temporally correlated Brownian-bridge path with fixed
endpoints.

All experiments were conducted on a standard x86_64 CPU platform using 2 CPU cores, 13.6 GB
RAM, and 107 GB disk storage.

6.2 Baselines

e BOT-Orch (ours). Uses alignment-adjusted rewards 7+(i) = 7+(¢) — A\W3(¢) and samples the
selected agent i; from a softmax policy over 7 (i) (Algorithm [IH2). This couples OT alignment
with sequential exploration/exploitation.

e No-OT (A = 0). Ablation removing the OT alignment term. The policy is computed from 7 (7)
only. This isolates the contribution of distributional alignment.

o Random. Uniformly samples an agent each round. This serves as a naive lower bound that does
not learn from observations.

e UCB1 (MAB). A classical multi-armed bandit baseline that selects the agent with the highest up-
per confidence bound based on empirical reward estimates, balancing exploration and exploitation
without OT alignment.

We omit Greedy-EMA, which picks at each round the agent with the highest exponentially-smoothed
reward estimate, because typical implementations assume full-information rewards for all agents
each round, unlike our bandit feedback setting (only the chosen agent is observed). A bandit-
compatible “greedy” would require exploration/confidence bounds and is essentially covered by
standard bandit baselines (e.g., UCB1).

6.3 Evaluation Metrics

o Cumulative net utility. We evaluate the OT-regularized net utility U;(i;) = Ri(i¢) — A Wy (i),

and report the cumulative net utility Zthl U, (i¢). This captures the overall performance when
explicitly trading off reward quality and alignment cost via \.

e Cumulative alignment cost. We report ZtT:I Wy (i), the cumulative OT alignment cost incurred
by the selected agent assignments. Lower values indicate more distributionally aligned agent-task
matching.
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Cumulative Net Utility Oracle Regret
BOT-Orch No-OT (A=0) Random UCBI1 BOT-Orch  No-OT (A=0) Random UCB1
1ID 108.84+2.22  103.37£2.51 83.98+5.92  80.55+4.88 | 2.29+2.11 9.80+1.61 28.724+6.03 31.3113.98
Non-IID | 110.61+1.03  103.1741.80 79.78+5.52  85.82+4.91 | 0.5940.93 10.1441.17 32.974+4.87 26.2644.28

Team Accuracy Ci lative Ali t Cost
BOT-Orch No-OT (A=0) Random UCB1 BOT-Orch  No-OT (A=0) Random UCB1
11D 0.9801+0.010  0.907+0.022  0.917£0.020 0.90240.026 | 1.28+0.53 10.51%1.61 10.28£2.01  11.14+1.33
Non-IID | 0.993+£0.007 0.90540.016  0.9054-0.024  0.919+0.025 | 0.851-0.23 10.8441.18 11.694+1.62  9.46+1.43

Table 3: Deployment metrics across all four methods and both experimental conditions (Mean +
95% CI across 30 seeds, T=114, A=3.0). IID condition uses Algorithm 1; Non-IID uses Algo-
rithm 2 (ID patients rounds 1-57, shifted rounds 58—114). Best in bold.

e Oracle regret. We report OT-regularized cumulative regret relative to the best alignment-adjusted

agent at each round: ZtT:l(maxi U.(i) — U(i;)) measuring efficiency loss due to suboptimal
selection under uncertainty and non-stationarity.

6.4 Results

BOT-Orch achieves the highest cumulative net utility and lowest oracle regret across all environ-
ments (Table , consistently outperforming No-OT, Random, and UCB1. The improvement is
particularly pronounced in non-i.i.d. settings, where BOT-Orch maintains low regret under distribu-
tional shifts such as piecewise variance changes and smooth drift. These results indicate that incor-
porating OT-based alignment enables more effective adaptation to heterogeneous and non-stationary
agent behaviour.

In Appendix [D} we evaluate BOT-Orch on additional synthetic benchmarks using survival-based
metrics, showing that BOT-Orch achieves best performance. We further conduct an ablation study
on the parameter A (Appendix[D.3). As X increases, BOT-Orch exhibits performance improvements,
with large gains relative to A = 0 and diminishing returns at higher values.

7 Semi-Synthetic Experiments: Human-AI Triage Under Deployment Shift

7.1 Dataset and Task Description

We use the Breast Cancer Wisconsin (Diagnostic) dataset, consisting of 569 patient cases with 30
numerical features and a binary target (malignant vs. benign). The data is split into 60% train, 20%
calibration, 10% Test-ID, and 10% Test-Shift. To simulate deployment shift, we perturb a subset
of features in Test-Shift with additive Gaussian noise A(0,0.64) and a +0.5 standard-unit bias,
modelling a change in patient population at deployment. At each round ¢, a patient z; arrives and
the selected agent receives a reward of 1 if it classifies the patient correctly and O otherwise, under
standard bandit feedback.

We consider two agents: an Al classifier and a human proxy with complementary accuracy, where
the human performs better on shifted cases while the Al performs better in-distribution. Full model
details and accuracy statistics are provided in Appendix [El All experiments were conducted on a
standard x86_64 CPU platform using 2 CPU cores, 13.6 GB RAM, and 107 GB disk storage.

7.2 Baselines

We compare the same four methods used in the synthetic experiments, now applied to the clinical
triage task. We use a = 0.90, n = 5.0, A = 3.0, and, for the non-i.i.d. variant, the same history
correction form as Algorithm 2 with 5 = 0.05. Each episode has 7" = 114 rounds, and we average
over n = 30 random seeds (patient orderings). We report mean + 95% CI across seeds.

7.3 Evaluation Metrics

From Section[6.3] we use cumulative net utility, cumulative alignment cost, and oracle regret, defined
as above. We additionally report metrics specific to the human—AlI deferral setting:

* Team accuracy: fraction of patients correctly classified by the selected agent (Al or human).
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Figure 1: Cumulative learning curves. Top row: cumulative net utility. Bottom row: oracle regret.
Right column: rolling escalation rate (window w=_8 rounds). Left panels: IID condition (Algo-
rithm 1); middle panels: Non-IID condition (Algorithm 2), with the dotted vertical line marking the
shift onset at round 57; right panels: escalation rate evolution.

* Escalation rate: fraction of patients routed to the human expert.

7.4 Results

Table [3] summarizes the results. BOT-Orch achieves the highest cumulative net utility and lowest
oracle regret in both regimes, outperforming all baselines. In the IID condition, it improves net
utility by +5.5 over No-OT while reducing alignment cost by an order of magnitude. In the Non-
IID setting, the gain is larger, reaching 110.61 = 1.03 net utility and 0.59 £ 0.93 regret compared to
103.17 + 1.80 and 10.14 £ 1.18 for No-OT.

The No-OT ablation confirms that the OT term drives the improvement: removing it increases regret
and alignment cost. BOT-Orch also exhibits targeted escalation under shift, routing fewer patients
overall while increasing escalation on shifted cases, indicating effective adaptation to distributional
mismatch. Figure [T] further shows that BOT-Orch separates from all baselines early and maintains
the performance gap over time. In the Non-IID setting, the escalation rate increases after the shift,
demonstrating online adaptation to the changing population. Furthermore, the rolling escalation rate
in Figure [T| shows how the policy adapts over time, increasing reliance on the human expert when
distributional shift or uncertainty rises.

Additional results are presented in Appendix [F] including more results on the escalation rate, diag-
nostic analysis, and an ablation study on the parameter A\. We observe that, as A increases, perfor-
mance improves markedly peaking around A = 3.0, after which gains saturate or slightly diminish
at very high values.

8 Discussion and Conclusion.

This paper formulates heterogeneous agent orchestration under uncertain as a sequential decision
problem and introduces BOT-Orch, a bandit-based framework that jointly learns delegation while
incorporating optimal transport alignment costs. While BOT-Orch provides a principled approach
with strong theoretical and empirical performance, it has various practical limitations. First, com-
puting Wasserstein distances can be expensive, especially in high-dimensional settings, limiting
real-time use. Second, the reward—alignment trade-off is controlled by a scalar parameter that may
require tuning across environments. Third, the framework assumes access to task-specific refer-
ence distributions, which may be unavailable in open or non-stationary settings. Addressing these
challenges remains an important direction for future work.
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Algorithm 1 BOT-Orch: i.i.d. Task Version

1: Input: Agents A = {aq,...,ap}, OT cost ¢, alignment weight A > 0, horizon T', survival
model S;(+), learning rate «, inverse temperature 7,

2: Initialize estimated rewards (i) = 0 and frailty 6y = 1 forall i € A
3: fort =1toT do
4 Sample task z; ~ Px > i.i.d. task sampling
5: Sample latent frailty 6, ~ p(6)
6: fori =1to M do
7: Compute agent output distribution ;
8 Compute OT alignment cost Wy (i) = W, (v, i) + €:(7)
9: Sample survival time Ty () and censoring d;(7)
10: Compute reward: Ry (i) = 6;(7) S; (T3 (i) | x¢)%
11: Update estimated reward: #;(i) = af,_1(i) + (1 — a) Ry (%)
12: end for
13: Compute orchestration policy:
ni) — e 0) = Wi 0)
S exp(nelin () — AWi(5)])
14: Sample and execute agent i; ~
15: end for

16: Output: Policies {m;}7_; and cumulative reward

A.2 Non-i.i.d. Task Arrivals

Algorithm 2 BOT-Orch: Non-i.i.d. Task Version

1: Input: Same as Algorithm

2: Initialize #o(i) = 0 and y = 1 foralli € A

3: fort =1to T do

Sample task z; ~ P (x| Hy) > history-dependent, non-i.i.d.
5 Sample latent frailty 6; ~ p(6; | H;)

6 for i =1to M do

7: Compute agent output distribution p;

8.

9

AR

Compute OT alignment cost W, (i) = W, (v, i) + €:(2)
: Sample survival time 73 (¢) and censoring d; ()
10: Compute reward: Ry (i) = 6;() S;(Ty (i) | x¢)%
11: Update estimated reward using history: > temporal dependence from past rewards

T’Af(l) = th_l(i) + (1 — Ot)Rf(’L) + fi(Rl:t—l)

12: end for
13: Compute orchestration policy:
n(i) = ) — W)
Z;V; exp(me[Fe(5) — AWe(5)])
14: Sample and execute agent ¢4 ~ 7
15: Update history Hy11 = Hy U {(z¢, Re, W) }
16: end for

17: Output: Policies {7 }7_; and cumulative reward

Derivation of Algorithms from the Theoretical Framework (Special Case Realisation). The
BOT-Orch algorithms in Algorithms [I] and [2] can be formally interpreted as special cases of the
abstract framework introduced in Theorem At the theoretical level, the model is defined in
terms of an unobserved alignment-adjusted reward process

(i) = E[Re(2) | 2] — AWe(pi, ),

14
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over which the learning dynamics are characterised via exponential-weights updates on the simplex.
The algorithms instantiate this framework by specifying an explicit stochastic realisation of the re-
ward process together with a consistent estimator of its conditional expectation. In particular, the
survival-frailty construction generates bounded random variables R, (i) whose conditional expec-
tation coincides with the abstract reward functional assumed in the theory, thereby embedding the
model within a well-defined stochastic process satisfying assumptions (A2)—(A4).

The empirical quantity 7+ (4), defined via exponential smoothing in the i.i.d. case and augmented with
a history-dependent correction term in the non-i.i.d. case, constitutes a Robbins—Monro stochastic
approximation of E[R;(4) | 2], ensuring asymptotic consistency under the respective dependence
structures. Substituting this estimator into the theoretical objective yields a computable approxima-
tion of (i), while the entropy-regularised optimisation over A/~ induces the softmax policy
used in the algorithm.

Consequently, the i.i.d. algorithm corresponds to the stationary special case in which (z;, 6;) are in-
dependent draws and the induced reward process is temporally homogeneous, whereas the non-i.i.d.
algorithm generalises this construction to an adapted filtration H;, allowing for history-dependent
task and frailty evolution while preserving boundedness and measurability of the reward sequence.
In both cases, the algorithm complements by providing an explicit implementation of the main theo-
rem, showing that BOT-Orch is a realised instance of the general OT-regularised exponential-weights
framework under different assumptions on the data-generating process.
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B Appendix: Missing Proofs

This appendix contains full proofs of the statements in Section ]

B.1 Proof of [5]in Theorem d.1] (Lipschitz stability of alignment-adjusted rewards)

Lemma B.1 (Stability of alignment-adjusted rewards). Assume (Al)~(A2). Let v,v' € P(Y) be two
probability measures on ), and let ¢ : Y x Y — Ry be L-Lipschitz. For each agent i € A, define
the alignment-adjusted reward

F(i;v) = 7(1) — AWe(py, V),
where W is the Wasserstein distance with ground cost c. Then,
|77(z'; v) — 7 (i V/)‘ < ALWi(v,0),
where W7 is the 1-Wasserstein distance induced by c. In particular, if W.(v,v') < ¢, then

|7(4;v) — 7(i;0")| < ALe.

Proof. By definition,
P (isv) = (i V') = =A(We(pir v) = Welpi, v')).
To bound the difference, we use the standard Lipschitz property of the Wasserstein distance: if the
ground cost ¢ is L-Lipschitz, then for any measures v, v/,
(We(pis v) = We(pi, V)| < LW (v,0),

where W7 is the 1-Wasserstein distance (see, e.g., [Villani et al.,[2008]).
Combining the two inequalities yields

’f(i; v) —7(i; 1/)| < ALWi(v, V) < ALe,
as claimed. O

Lemma B.2 (Concentration under multiplicative frailty). Assume (A2)—(A4), and let S;(t | =) de-
note the baseline survival function, uniformly bounded: 0 < S;(t | ) < 1 forallt and x € X. Let
R (1) denote the frailty-adjusted reward for agent i at round t. Then, for every € > 0,

Ce?

P(’Rt(i) — E[R.(7) | $t” > 5) < 2exp ( - W)a

for some constant C > 0 independent of t.

Proof. Fix xy = x and an agent i € A. Let (0, T, 0) denote a realization of the generative process,
where 6 is the frailty, T is the survival time with conditional survival function S;(- | «), and ¢ is the
censoring indicator, independent of 7" conditional on (x, §). Define

R:=65,(T|z)°.

Since 0 < S;(T | ) < 1and d € {0,1}, it follows that
0<R<L

Define the conditional expectation given 6:
9(0) =E[R | z,0] =E[6 Si(T | 2)" | z,0],
so that 0 < g(#) < 1. Then
R—E[R|z] = (R—g(0)) + (9(0) — E[R | ]). e9)

Conditional on 6, R is bounded in [0, 1], and hence by Hoeffding’s lemma,

]E{eMR_g(G)) ‘x, 0} <exp (%2), VA eR.
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Observe that
9(0) —E[R | 2] =E[R | z,0] — E[R | z].
Since 0 < S;(T" | ) < 1, the map 6 — ¢(6) is Lipschitz with constant at most 1, i.e.,
|9(61) — g(02)] <101 — 62|, V61,0, > 0.
By assumption (A3), § has finite variance and finite exponential moments. Therefore, g(6)—E[R | z]
is sub-Gaussian with variance proxy v3 < Var(6,).

By (1), R — E[R | z] is the sum of two independent sub-Gaussian variables: (R — ¢(6)) and
(9(0) — E[R | z]). Therefore, R — E[R | x] is sub-Gaussian with variance proxy

1
e N 1 + Var(6;) < C (1 + Var(6;)),

for some universal constant C' > 0.

Hence, by the standard sub-Gaussian tail bound, for all € > 0,

2

P(IR-EIR 4]l > <) <2exp (- 5 5) < 20w (- H%;(et))’

which proves the claim for a single observation.

The extension to empirical averages over independent draws follows from standard concentration
inequalities for sums of independent sub-Gaussian variables. O

B.2  Proof of [T]in Theorem [4.1] (Sublinear OT-Regret)

Theorem B.3 (Sublinear OT-Regret). Under assumptions (Al)—(A5), the BOT-Orch softmax policy
with an appropriate temperature schedule satisfies

Proof. We give a potential-based analysis of the exponential-weights (softmax) policy applied to
bounded adjusted rewards. Let 7;(¢) denote the (possibly noisy) adjusted reward received at time ¢
by agent 7. By assumption (A2) and the boundedness of the cost W, from (A1), there exist constants
a < b such that

7(%) € [a, b] for all ¢ and 1.

Define A := b — a.
The algorithm maintains weights

)y = oD
w1 (i) = we(@) exp(neie (i), m(i) = > wi(d)

and we introduce the log-partition potential

O =1log Y wy(i)

Step 1: Constant inverse temperature. We first consider the case 1, = n > 0. Standard calcula-
tions for the exponential-weights forecaster [Cesa-Bianchi and Lugosi, 2006, Section 2.2], based on
Hoeffding’s inequality, yield the one-step bound

) 7]2A2
Dy — P = logZﬂt exp N7 (i < T)Zm g
Summing overt = 1,...,T gives
T 2 2
v TA
Pri -9 < UZEiNm[Tt(Z)] + 1 s

t=1
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On the other hand, for any fixed agent *,

T
Oryy > logwry (i*) = logwi () + 1Y 7 (i*).
t=1

Assuming uniform initialization w; (¢) = 1 for all 4, we have log w (¢*) = 0. Combining the two
inequalities and rearranging yields
T
. . log M TA?
S A(E) = Y B, ()] < 22+ T
7 8

t=1 t=1

where M denotes the number of agents.

Optimizing the right-hand side by choosing
_ /8logM
TV Az

T T
Tlog M
74 (1%) — Eir, [Ft(7)] < Ay ——.
; +(7") ; [7e(2)] 5
This bound holds deterministically for any reward sequence bounded in [a, b]. Taking expectations
in the presence of stochastic rewards yields

gives

Tlog M
ERr] <A %,
which implies Rz = O(v/T) since M is fixed.
Step 2: Time-varying inverse temperature. We now consider a time-varying schedule 7, =< ¢~1/2,
as used in Algorithms 1-2. In this case, the potential increment satisfies

i A?
¢t+1 — @t S Nt ;ﬂ}(l)it(l) + T

Summing over ¢ and comparing with log wy1 (%) yields

T T T
. o log M A2
S UR(E) =S B [ ()] < —om 43 12
t=1 t=1

t=1

Choosing 1; = ¢/+/t for a suitable constant ¢ > 0 gives

T
LM _owT), Y m=0W),

nr

and therefore ~
Ry =OWT).
Finally, suppose that the adjusted rewards 7+ (¢) are stochastic and admit the decomposition
7e(i) = E[F (i) | Fea] 4 &(9),

where {F;};>¢ is the natural filtration generated by the history of the algorithm and {;(¢)} is a
martingale difference sequence satisfying

]E[gt(l) | ]:tfl] = O, |€t(2)| < A as.
uniformly over ¢ and ¢. Such a decomposition covers randomness arising from empirical reward
estimation, survival-time sampling, and censoring.

Applying the Azuma—Hoeffding inequality yields, for any ¢ € (0, 1), with probability at least 1 — 9,

T
S &i)| < AV/2T log(1/6).

Consequently, the deviation between cumulative realized rewards and their conditional expectations
is of order O(\/T ) almost surely up to logarithmic factors. Incorporating these fluctuations into the
regret analysis contributes only lower-order terms and does not alter the overall /T regret rate. [J
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Proposition B.4 (OT dominance). If 7¢(i) = 7(j) and We(pi, v¢) < We(p;, v¢) then for any X > 0
we have T+(i) > 7+ (j).

Proof. By direct algebra:
(i) — 74(5) = (e (i) = 7(5)) = AN Welpa, ve) = Welpj, ).

The hypothesis 7, (i) = 7(j) makes the first term zero; since W (p;, 1) — We(pj,v¢) < 0, multi-
plying by —\ gives a strictly positive number. Thus 7 (i) — 7(j) > 0, proving the claim. O

B.3 Proof ofdin Theorem 4.1 (Convergence of orchestration weights)

Theorem B.5 (Almost-sure convergence of orchestration weights). Assume (A1)—(AS) hold. Let
(7t)1>0 be a deterministic step-size sequence satisfying

o0 oo
Ye >0, Z%:oo, Z%Q<oo.

t=0 t=0

Then the stochastic process (¢1) converges almost surely to an asymptotically stable equilibrium of
the ordinary differential equation

b= Softmax(E[]) — ¢.

Proof. Let (F;);>0 denote the natural filtration of (¢;). The stochastic recursion can be written in
Robbins—Monro form:

Gr1 = Ot + Y (H (D) + Erg1),
where

H(¢) := Softmax(E[7 | ¢]) — &, &i+1 := Softmax(7;) — Softmax(E[F; | F]).

Then (&;) is a martingale-difference sequence with respect to (F;) and satisfies sup, E[[|&41]|? |
Fi] < oo by boundedness of 7. The iterates remain in the compact simplex A(A), and H is
Lipschitz continuous on A(A).

Let ¢ denote the continuous-time piecewise-linear interpolation of (¢:). By Theorem 3.2 of
[Benaim, |1999], ¢ is an asymptotic pseudo-trajectory of the ODE

¢ = H(9),

and by Theorem 3.9 of [Benaim, [1999], the almost-sure limit set of (¢;) is contained in the set of
internally chain-transitive invariant sets of this ODE.

If the ODE admits only isolated asymptotically stable equilibria (e.g., when E[7] induces a strictly
concave potential), each internally chain-transitive set reduces to a single equilibrium. Hence, (¢:)
converges almost surely to an asymptotically stable equilibrium of

¢ = Softmax(E[F]) — ¢.

B.4 Proof of[3]in Theorem 4.1 (Margin robustness under Gaussian noise)

Lemma B.6 (Margin robustness, ). Let /VIV/C(W, v) = We(wi,v) + €;, with independent €; ~
N(0,0?%). Let Ajj = Wepj,v) — Welpi, v). If |Aij| > 0y/210g 2 then

P(r(i) < 7(j)) < 1/4.

Proof. Assume without loss of generality that A;; > 0 (the other sign is symmetric). The noisy
observed difference is

Aij = Weluj,v) = Welpi,v) = Ay + Z,
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where Z = €; — ¢; ~ N(0,20?) by independence. The event that 7(i) < 7(j) (ignoring small
differences from empirical reward estimation) is equivalent to A;; > 0. Thus

P(i(i) < 7(j) = P(Z > —Ay;) = <1>( jij;)

where ® is the standard normal CDF. The condition A;; > 0+/21log 2 gives

V2o

B() < B(viog2) < 3,

where the last inequality follows from numerical evaluation of the Gaussian CDF (or standard Gaus-
sian tail bounds such as ®(z) < %e“”z/Q for z > 0). This concludes the proof. O

> 4/log 2,

hence

B.5 Proof of[5]in Theorem 4.1 (Consistency of reward estimates)

Theorem B.7 (Consistency of reward estimates). Under (A2)—(A4) and continuity of S;(- | z), the
empirical estimator 7(i) satisfies

sup |f(i) — E[Ry(3) | ]| === 0.
icA t—o00

Proof. Case 1: i.i.d. tasks. Let 2, = z, {R;(4) };>1 1.1.d., bounded by R,,.x. By the strong law of
large numbers:

t
A . 1 . a.s. . .
Pili) = Zle(z) S E[R(D) | o], Vi,
5=
Uniformity over finite .4 follows from the union bound:

sup|7¢(i) — E[R(i) | z]] — 0.
icA t—o0

s

Case 2: stationary ergodic (non i.i.d) tasks. Let {(x;, R¢(i))}+>1 stationary ergodic. By
Birkhoff’s ergodic theorem [Walters, |1982, Theorem 1.14]

S

t—o0

> R(i) 2 E[R(i) | 2] Vi
s=1

Uniformity over finite .4 via the union bound.
Let 7 (i) = S0, 7s—1Rs(4) with 3 v, = 00, 342 < oo. Ergodicity and continuity of S; imply

(i) S5 BIRG) | ], supl#e(i) — E[R() | 2] = 0.

C Visualization of the Synthetic Datasets used for the Experiments

D Additional Synthetic Experiments

D.1 Dataset and Task Description

Datasets and tasks are as in[6]

D.2 Baselines

Baselines are as in Section [l
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Figure 2: IID data generation (a) IID task contexts sampled from a half-moons distribution, il-
lustrating a stationary but structured task space. (b) IID reward distributions for K agents, where
rewards are independently drawn over time from fixed distributions with a matched mean (approxi-
mately 0.5) but heterogeneous higher-order properties (e.g., variance, skewness, and bimodality).

(a) Piecewise-stationary variance (rewards) (b) Segment histograms (agent 0)
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(c) Smooth mean drift (rewards) (d) Brownian bridge mean paths (rewards)
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Figure 3: Non-IID data generation (a) Piecewise-stationary rewards where the variance changes
at unknown changepoints while the mean remains fixed, shown as reward trajectories over time
across agents. (b) Segment-wise reward histograms for a representative agent, revealing distribu-
tional shifts induced by variance changepoints. (c) Smooth-drift setting where agent reward means
evolve gradually according to a sinusoidal drift (shown via rolling mean trajectories), inducing con-
tinuous non-stationarity. (d)Brownian-bridge setting illustrating temporally correlated latent mean
paths constrained to fixed endpoints, producing structured stochastic dependence across time.
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Event Rate Mean Observed Time
Environment | BOT-Orch  No-OT (A=0) Random UCBI (MAB) | BOT-Orch  No-OT (A\=0) Random UCB1 (MAB)
1ID

1ID-G 0.6310.02 0.6040.02 0.5840.04 0.544-0.03 0.594-0.04 0.664-0.04 0.724:0.04 0.7140.03
1ID-M 0.65+0.04 0.6040.04 0.6040.03 0.5940.03 0.58+£0.02 0.6610.04 0.6940.03 0.7040.05
Non-IID

NonlID-BB | 0.6710.04 0.6140.03 0.61£0.02 0.62£0.05 0.55+0.09 0.62£0.01 0.65+0.04 0.63£0.03
NonlIID-PS 0.66+0.04 0.6440.02 0.59+0.04 0.59£0.02 0.56+0.04 0.6240.04 0.6740.03 0.69+0.04
NonlID-SD | 0.65+0.03 0.644-0.03 0.6040.04 0.5740.02 0.5940.03 0.644-0.05 0.674-0.03 0.6740.04

Table 4: Event Rate and Mean Observed Time (mean £ 95% CI across 5 seeds; T' = 200). Best in
bold.

D.3 Evaluation Metrics

e Event rate. Under survival-style feedback with censoring indicator d0;(i;) € {0,1}, we report

% Zthl ¢ (it), i.e., the fraction of rounds with uncensored (fully observed) outcomes. Higher
event rates indicate less censoring and more informative feedback.

e Mean observed time. We report the mean observed time + Zle Tebs (i), where

TP (i) = min{T}(i;), C;(i¢)} under right censoring. This metric summarizes the typical ob-
served completion time under the censoring mechanism.

D.4 Results.

Table [] reports event rate and mean observed time. BOT-Orch achieves the highest event rate and
lowest mean observed time across all environments, in both IID and non-IID settings, consistently
outperforming No-OT, Random, and UCBI.

D.5 Ablation Study: Sensitivity to the Alignment Penalty )

The alignment penalty weight A controls the trade-off between exploitation of historical reward es-
timates 7;(¢) and adherence to OT-based distributional alignment W; (7). We conduct a grid search
over A € {0.0, 0.5, 1.0, 1.25, 1.5, 1.75, 2.0, 3.0, 5.0, 10.0}, running BOT-Orch for 30 seeds un-
der both the IID (Algorithm 1) and Non-IID (Algorithm 2) conditions. The No-OT, Random, and
UCBI baselines serve as fixed reference lines since they are independent of A. Table [5] summarise
the results.

E Semi-Synthetic Experiment Settings

Agents. We set M = 2 agents:

e Agent 0 (AI): a logistic regression classifier (L2, C=1.0) trained on the training split and cal-
ibrated using Platt scaling (isotonic regression) on the calibration split. Accuracy: 98.2% in-
distribution, 80.7% under shift.

e Agent 1 (Human): a simulated clinical expert with complementary accuracy 88.0% on in-
distribution patients, 94.7% on shifted patients.

The human expert is more accurate on the patients the AI handles worst, confirming a positive
complementarity gap Acomp > 0.

Tasks and reward. At each round ¢, a patient biopsy z; € X arrives. The reward is binary
correctness: R;(i) = 1[agent ¢ classifies patient ¢ correctly]. This is bounded in [0, 1], satisfying
Assumption (A2). We use bandit feedback throughout and only the chosen agent’s reward is ob-
served.

OT alignment costs. We use the output-space OT alignment cost on the binary label simplex
{0, 1} with ground cost
C=[%]
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IID (Algorithm 1)

Non-IID (Algorithm 2)

A Cum. net Regret Teamacc. |  Cum. net Regret Team acc.
0 -311.34+3.43 122.614+2.49 0.177+0.013 | -722.674+47.12 317.61£21.59 0.177+0.013
0.5 271424279  82.68+1.92 0.3361+0.011 | -549.11£33.07 144.05+5.85 0.4184+0.017
1 -262.29+2.69 73.56+1.78 0.3801+0.011 | -531.17£31.69 126.11+4.86 0.4534+0.017
1.25 -259.93+2.57 71.19+1.78 0.386+0.011 | -528.55+31.48 123.494+5.23  0.4594+0.019
1.5 -258.52+2.62  69.78+1.72 0.389+0.011 | -526.24+31.88 121.18+5.18  0.4624+0.018
1.75 -257.98+2.27 69.24+1.47 0.398+0.009 | -524.104£31.77 119.04+5.49 0.4704+0.019
2 -256.20+2.55 67.47+1.64 0.403+0.010 | -524.22431.76  119.16+5.05 0.46940.018
3 -253.76£2.49  65.02+1.60 0.412+0.011 | -519.79£31.65 114.72+4.79 0.479£0.019
5 -253.28+2.04 64.54+1.67 0.4131+0.010 | -515.97432.03 110.91+5.11  0.48440.020
10 -251.994£2.16  63.25+1.46 0.420+0.009 | -514.23+£31.32  109.16+4.67 0.493£0.018
11 -252.06+£2.22  63.32+1.47 0.42040.009 | -513.61£31.26 108.54+4.71 0.4954+0.018
12 -252.05£2.28 63.32+1.51 0.420+0.009 | -512.93+£31.33 107.86+4.73 0.495+0.018
13 -251.60+2.33 62.86+1.60 0.422+0.009 | -513.01+£31.01 107.95+5.00 0.494+0.018
14 -251.71£2.42  62.974+1.50 0.423£0.009 | -513.16£30.99 108.10+5.07 0.494£0.018
15 -251.80+2.45 63.06+1.56 0.4231+0.008 | -513.45+31.02 108.394+5.01 0.4934+0.018
Reference baselines (\-independent)

No-OT  -311.3443.43 122.61£2.49 0.177£0.013 | -722.67+£47.12 317.61+21.59 0.177£0.013
Random -315.7543.74 127.02+3.11 0.17740.010 | -731.00£50.00 325.93+22.38 0.169£0.010
UCB1  -313.2243.92 124.48+2.93 0.177£0.012 | -722.86£48.17 317.79+21.51 0.178=+0.009

Table 5: A grid search results for BOT-Orch on synthetic tasks. Mean + 95% CI across 30 seeds,
T = 114, evaluated with A.,q; = 1.0. A = 0 reproduces No-OT by construction (sanity check).
Selected \* = 13 (bold) maximizes average Cum. net across IID/Non-1ID panels. Reference
baselines at the bottom are A-independent.

(0-1 loss). Under this cost, the Wasserstein distance between the true label one-hot v, = §,, and
each agent’s predictive distribution admits the closed form:

Wi(Al) =1 — Ry(Al)
Wi (human) = 1 — pp (x¢)

(probability Al is wrong on patient t), 2)

3)
where py,(z;) is the human’s accuracy for that patient’s shift status. This is a direct instantiation

of the general alignment cost W, (v, 11;) defined in Section 3.4. The closed form follows from the
exactness of Sinkhorn transport on the 2 x 2 binary simplex.

(probability human is wrong on patient ),

With these costs, under distribution shift:
Wy (human) = 0.053.

OT Dominance verification.
Wi(AI) ~ 0.193  vs.

The gap W;(AI) — Wi (human) = 0.140 is large and positive on shifted patients, confirming the
precondition of Theorem 4.2 Part 2 that the human has strictly lower alignment cost on shifted
patients and should be preferred by the BOT-Orch policy. On in-distribution patients the relationship
is reversed (W (AI) ~ 0.018 < 0.120 = W;(human)), so the Al is correctly preferred there. This is
exactly the complementarity structure that BOT-Orch is designed to exploit without being told about
the shift.
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F Additional Semi-Synthetic Experiments and Figures

F.1 Diagnostic Analysis

Figure[d and [5|provide diagnostic analyses.

Escalation Rate by Distribution Condition

1ID (Alg.1) Non-IID (Alg.2)
1.0 1.0
m= In-distribution = In-distribution
e Shifted = Shifted
0.8 0.8
2 2
C 0.6 © 06
c c
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2 2
8 5
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Figure 4: Escalation rate by distribution condition. Mean escalation rate for in-distribution pa-
tients (blue) and shifted patients (red) per method. Error bars show standard deviation across seeds.
Left: 1ID condition; right: Non-IID condition. BOT-Orch achieves a higher escalation rate on shifted
patients relative to in-distribution patients compared to all baselines, demonstrating targeted routing.
No-OT’s large error bars reflect bimodal behaviour across seeds: some runs converge to always-Al
and others to always-human, due to the cold-start problem in the binary bandit without OT regulari-
sation.

Agent Selection Over Time Non-IID (Algorithm 2)

BOT-Orch No-OT (lam=0) Random UCB1
1.0 1.0 1.0 1.0
Shift Shift Shift Shift
0.8 0.8 0.8
£ £ £
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Figure 5: Agent selection trajectories, Non-IID condition (Algorithm 2). Rolling probability of
routing to the human expert (window w=8 rounds) for each method over the deployment episode.
The dotted vertical line marks the shift onset at round 57. BOT-Orch (top-left): routing proba-
bility rises after the shift, showing adaptation. No-OT (top-right): high variance, consistent with
the bimodal cold-start behaviour observed in Table [J] UCBI (bottom-right): also adapts but less
precisely, routing more patients to the human without the alignment-cost targeting of BOT-Orch.
Random (bottom-left): flat at 50% throughout as expected.

F.2 Escalation Rate and Escalation Rate on Shifted Patients

We present the escalation rate and escalation rate on shifted patients in Table 6]

Escalation Rate Escalation Rate on Shifted Patients
BOT-Orch No-OT (A=0) Random UCB1 BOT-Orch No-OT (A=0) Random UCBI1
1D 0.2141+0.066  0.493+0.360  0.505+£0.046  0.51940.061 | 0.283+0.085  0.499+0.362  0.533£0.064 0.51410.073
Non-IID | 0.192£0.023  0.48540.484  0.50540.046  0.506£0.062 | 0.2094+0.019  0.48840.495  0.49440.065 0.61240.074

Table 6: Deployment metrics across all four methods and both experimental conditions. Mean +
95% CI across 30 seeds, T=114, A=3.0. Esc. rate: fraction of patients routed to human. Esc.(shift):
escalation rate on shifted patients only. IID condition uses Algorithm 1; Non-IID uses Algorithm 2
(ID patients rounds 1-57, shifted rounds 58-114).
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F.3 Ablation Study: Sensitivity to the Alignment Penalty \

The alignment penalty weight A controls the trade-off between exploitation of historical reward es-
timates 7 () and adherence to OT-based distributional alignment W; (7). We conduct a grid search
over A € {0.0, 0.5, 1.0, 1.25, 1.5, 1.75, 2.0, 3.0, 5.0, 10.0}, running BOT-Orch for 30 seeds un-
der both the IID (Algorithm 1) and Non-IID (Algorithm 2) conditions. The No-OT, Random, and
UCBI baselines serve as fixed reference lines since they are independent of \. Table[7]and Figure 6]
summarise the results.

IID (Algorithm 1) Non-IID (Algorithm 2)

A Cum. net Regret Team acc. Cum. net Regret Team acc.
0.0 103.374+2.51  9.80£1.61  0.90740.022 | 103.17£1.80 10.14+1.17 0.90540.016
0.5 102.83+£3.92  10.06£3.50 0.935+0.026 | 98.17£2.73  14.92+£2.06 0.908+0.019
1.0 105.65+5.57 7.03£5.13  0.9641+0.028 | 98.02+£6.26 14.61£6.10 0.93040.029
1.25 106.17+£6.04  6.33+£5.60 0.970+0.027 | 102.474+6.83  9.984+6.69  0.95540.027
1.5 106.904+5.37  5.2945.08 0.97540.022 | 106.04£6.21 591£6.18  0.970+0.025
1.75 107.18+5.74  4.96+5.61  0.97940.021 | 108.04£5.57 4.08£5.50 0.981£0.018
2.0 107.27£5.95 4.48£5.65 0.980£0.021 | 109.19+5.53 2.71+£5.48 0.9861+0.017
3.0 108.84+2.22 2.29+2.11 0.988+0.010 | 110.61+1.03  0.59+0.93  0.993+0.007
5.0 108.88+1.25 1.01£1.04 0.993+0.006 | 109.614+0.99 0.374+0.67 0.99540.006
10.0 105.90+1.01  0.26£0.38  0.99340.008 | 106.344+0.73  0.10£0.29  0.995+0.006
Reference baselines (\-independent)

No-OT | 103.37£2.51 9.80£1.61 0.907£0.022 | 103.17+1.80 10.14£1.17 0.905+0.016
Random | 83.98+5.92 28.724+6.03 0.917+£0.020 | 79.784+5.52  32.97+4.87 0.9051+0.024
UCBI 80.55+4.88  31.31+3.98 0.902+0.026 | 85.82+4.91 26.26+4.28 0.9191+0.025

Table 7: A grid search results for BOT-Orch. Mean + 95% CI across 30 seeds, T=114. A=0
reproduces No-OT exactly (sanity check: difference = 0.000). Optimal value A*=3.0 in bold.
Reference baselines at the bottom are A-independent.
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BOT-Orch A Ablation Study
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Figure 6: )\ sensitivity curves. Cumulative net utility (lef), oracle regret (centre), and team accuracy
(right) as functions of A for BOT-Orch (teal line with £1 std shading). Horizontal dashed lines show
the No-OT, Random, and UCBI1 baselines. The dotted vertical line marks A=2.0 (initial value);
A*=3.0 (grid-search optimum) is identified by the peak. Top row: 1ID (Algorithm 1); bottom row:
Non-IID (Algorithm 2). In the Non-IID panels, performance at A € {0.5,1.0,1.25} falls below the
No-OT baseline, revealing the phase transition.

25



714
715
716
717

718
719
720
721
722
723
724
725
726
727

728
729
730
731
732

734
735
736
737
738
739

A Ablation: Escalation Rate on Shifted Patients and Cumulative Alignment Cost
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Figure 7: Escalation rate on shifted patients (left axis, red) and cumulative alignment cost
(right axis, teal) as functions of \. Horizontal dashed lines show No-OT, Random, and UCBI1
escalation rates. Alignment cost decreases monotonically with A, confirming Theorem 4.2 Part 1.
Left: 1ID condition; right: Non-IID condition.

Sensitivity and Optimal \. In the IID condition (Figure [6] top row), cumulative net utility in-
creases monotonically from A=0 through A=5.0 before declining at A=10.0. The difference be-
tween A=3.0 (108.84 + 2.22) and A=5.0 (108.88 + 1.25) is 0.04 units — well within one standard
deviation — and the two values are statistically indistinguishable.

Phase Transition in Non-IID Settings. A qualitatively different pattern emerges in the Non-I1ID
condition (Figure@, bottom row). For A € {0.5, 1.0, 1.25}, BOT-Orch performs worse than No-OT,
with net utility falling to as low as 98.02 at A=1.0 against the No-OT baseline of 103.17 (red-shaded
cells in Table[7). This counterintuitive dip arises because any positive A penalises the human agent
during the first 57 in-distribution rounds (where W;(human)=0.120 > W;(AI)~0), suppressing its
EMA reward estimate through disuse. When the distribution shifts at round 58, a small A is insuf-
ficient to override the depressed human reward history, and routing fails to redirect to the human.
Performance recovers sharply above A~x1.5, where the OT signal becomes strong enough to domi-
nate stale reward estimates immediately when the shift arrives, and improves monotonically to the
peak at A*=3.0.

Degeneracy at Large A\. For A > 5.0, the OT penalty dominates the reward signal entirely. The
policy degenerates toward a near-deterministic OT routing rule, effectively ignoring learned reward
history. Two symptoms confirm this regime: (i) the standard deviation of net utility collapses from
+5.53 at A=2.0to £0.73 at A=10.0 in Non-IID — not because the policy is more stable but because
it is no longer exploring; and (ii) net utility falls at A=10.0 (105.90 IID, 106.34 Non-IID) below the
optimum at A*=3.0.

Identification of \*=3.0. We identify A\*=3.0 as the joint optimum across both conditions on
the primary metric. It achieves the peak net utility in the Non-IID condition (110.61 % 1.03), is
statistically tied with A=5.0 in IID (gap 0.04 < pooled std 1.73), reduces variance by 3 x relative to
A=2.0, and is the last value at which bandit learning and OT alignment both contribute meaningfully.
The gain over the initial engineering value of A=2.0 is 4+1.42 net utility in Non-IID, confirming that
the grid search yields a meaningful improvement rather than a marginal one.
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