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Abstract

Contextual Reinforcement Learning (CRL) tackles the prob-
lem of solving a set of related Contextual Markov Deci-
sion Processes (CMDPs) that vary across different context
variables. Traditional approaches—independent training and
multi-task learning—struggle with either excessive computa-
tional costs or negative transfer. A recently proposed multi-
policy approach, Model-Based Transfer Learning (MBTL),
has demonstrated effectiveness by strategically selecting a few
tasks to train and zero-shot transfer. However, CMDPs encom-
pass a wide range of problems, exhibiting structural properties
that vary from problem to problem. As such, different task
selection strategies are suitable for different CMDPs. In this
work, we introduce Structure Detection MBTL (SD-MBTL), a
generic framework that dynamically identifies the underlying
generalization structure of CMDP and selects an appropriate
MBTL algorithm. For instance, we observe MOUNTAIN struc-
ture in which generalization performance degrades from the
training performance of the target task as the context difference
increases. We thus propose M/GP-MBTL, which detects the
structure and adaptively switches between a Gaussian Process-
based approach and a clustering-based approach. Extensive ex-
periments on synthetic data and CRL benchmarks—covering
continuous control, traffic control, and agricultural manage-
ment—show that M/GP-MBTL surpasses the strongest prior
method by 12.49% on the aggregated metric. These results
highlight the promise of online structure detection for guiding
source task selection in complex CRL environments.

Code — https://github.com/mit-wu-lab/SD-MBTL/
Webpage — https://mit-wu-lab.github.io/SD-MBTL/

1 Introduction

Despite the recent success of deep reinforcement learning
(RL), deep RL often struggles to solve real-world applications
that involve families of related tasks that differ in a few key
parameters but mostly share underlying dynamics (Bellemare
et al. 2020; Degrave et al. 2022; Benjamins et al. 2023).
Such contextual variations naturally arise in robotics (e.g.,
different payload weights or terrain conditions) (Yu et al.
2020) and traffic control (e.g., varying traffic inflows or signal
timing) (Jayawardana et al. 2025). Formally, these settings
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can be modeled as Contextual Markov Decision Processes
(CMDPs) (Hallak, Di Castro, and Mannor 2015; Modi et al.
2018; Benjamins et al. 2023), where each task is specified
by a context. Moreover, we extend prior studies to more
challenging multi-dimensional CMDP, rather than a single-
dimensional context.

Due to the curse of dimensionality in context variables,
a central challenge in CMDPs is how to efficiently train
policies that generalize to numerous related tasks without
starting training from scratch. Existing paradigms for CMDPs
include: (1) Independent training of a separate policy for each
task, which is straightforward but computationally expensive
for large task families; (2) Multi-task training of a single
universal policy conditioned on the context, which can suffer
from limited model capacity or negative transfer if tasks are
too dissimilar (Kang, Grauman, and Sha 2011; Standley et al.
2020); and (3) Multi-policy training on a small subset of
source tasks with zero-shot transfer to new tasks, raising the
key question of how to choose that subset. Recent work has
shown that carefully selecting which tasks to train on can lead
to strong generalization and improved sample efficiency (Cho
et al. 2023, 2024), since the cost of full training far outweighs
the cost of policy evaluation and the task-selection.

Multi-policy training requires selecting a subset of tasks
in CMDPs, formulated as a Greedy Tasks Selection Problem
(GSTS). However, many CMDPs exhibit specific structural
patterns that can be exploited. For example, (Cho et al. 2024)
splits generalization performance into training performance
and a generalization gap, modeling the gap as a linear func-
tion. Inspired by this, we define a task structure as a func-
tional decomposition of generalization performance in which
certain components satisfy designated properties. We thus
propose a generic Structure Detection Model-Based Transfer
Learning (SD-MBTL) framework, which detects the underly-
ing structure and adapts its task selection strategy accordingly.
In this paper, we instantiate the SD-MBTL framework with
M/GP-MBTL, which uses two specific structures and dynam-
ically switches between task selection algorithms—Gaussian
Process-based and clustering-based MBTL (Figure 1).

For example, we observe experimentally that generaliza-
tion in CMDPs often follow some structure, in which we find
some task selection approach works better. Thus, detecting
such structure enables a more targeted approach to source
task selection than a one-size-fits-all approach. To capitalize
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Figure 1: Conceptual overview. SD-MBTL detects an un-
derlying structure from observed generalization performance
and selects an appropriate algorithm.

on this insight, we also devise a fast and effective algorithm,
MOUNTAIN Model-Based Transfer Learning (M-MBTL), by
reducing GSTS problem to a sequential version of clustering
problem upon a certain MOUNTAIN structure. It enables us
to leverage clustering loss to efficiently guide the search of
the training task in a continuous space.

Our main contributions are summarized as follows:

¢ We introduce SD-MBTL, a unified framework that de-
tects the underlying generalization structure of CMDPs
and adapts its source-task selection strategy, resulting in
improved sample efficiency in diverse CRL settings.

* We propose M/GP-MBTL, a practical structure detection
algorithm, using two specific structures in the general-
ization performance. We also develop a clustering-based
MBTL algorithm for MOUNTAIN structure.

* We empirically validate our approach in a multi-
dimensional synthesized dataset and real-world CMDP
benchmarks, including continuous control (CartPole and
BipedalWalker (Benjamins et al. 2023)), cooperative eco-
driving (IntersectionZoo (Jayawardana et al. 2025)), and
crop management (CyclesGym (Turchetta et al. 2022)).
On the aggregated metric normalized between the random
baseline and the oracle, M/GP-MBTL outperforms the
previous best method by 12.49%.

The rest of the article is structured as follows: Section 2
reviews CMDP and GSTS problem. Section 3 introduces the
SD-MBTL framework. Section 4 introduces M/GP-MBTL.
Section 5 presents evaluations on benchmarks, Section 6
discusses related work, and Section 7 concludes.

2 Preliminaries
2.1 Contextual Markov Decision Process

We consider a contextual Markov decision process (CMDP)
defined over a family of MDPs indexed by a context (or task)
variable in a multi-dimensional space. Let the finite set of all
MDPs (or tasks) be denoted by Y = {y1,y2,...,yn }, where
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each task y,, € RP for some dimension D, and N = |Y|
is the total number of tasks (or target tasks). Specifically,
let each task y € Y C RP parameterize a distinct MDP
M,y = (S, A, Py, Ry, py), where S is the state space, A is
the action space, P, represents transition dynamics, R, is
the reward function, and p, is the initial state distribution for
the task y (Hallak, Di Castro, and Mannor 2015; Modi et al.
2018). Hence, the CMDP is the collection { M, },cy.

We define a continuous set of tasks X C R” such that X
has the same bound as Y. Intuitively, X captures an underly-
ing continuous space of tasks from which Y can be viewed
as a discrete subset (Y C X). Given a context x € X, one
can train a policy 7, (using, for instance, an off-the-shelf
RL algorithm) and get the (source) training performance on
task z by J(m,, ) = E [return of m, in MT] . To zero-shot
transfer from a source task x to a target task y, we apply the
policy 7, (trained on M) within M, potentially at reduced
performance compared to training directly on y. The result-
ing generalization performance is J (7, y). We quantify the
zero-shot generalization gap when transferring from z to y
as AJ (7, y) = J(mg, x) — J (70, y).

2.2 Problem Formulation

Greedy source task selection (GSTS) problem! Given a
CMDP with a finite set of target tasks Y, our goal is to
identify a sequence of tasks on which to perform full RL
training, so as to achieve high generalization performance
on all tasks in Y. Specifically, at each step k, we pick a new
source task xj € X to train a corresponding policy 7, . For
each task in Y, we choose the best performing policy from
a set of trained policies, which maximizes the performance.
The objective at each round k is to greedily select a new
source task xj that maximizes the expected performance
across the entire set Y. One can write this as:

rr = argmax [E,. max J(mer,y)] (1)
zeX\{z1._1} Y M(Y)[a:’Ezhk—lU{x} ]
where x1. = x1,...,2k, and U(Y") is a uniform distribu-

tion over the finite task set Y. In general, an exact solution to
GSTS problems can be intractable for large-scale or contin-
uous task spaces. In practice, many applications have fairly
small task spaces (e.g., 3-10 context dimensions, each dis-
cretized to 100 values). The core challenge is that solving
any task MDP is fairly expensive and thus the number of
task MDPs to solve should be minimized. MBTL aimed to
circumvent naive exploration by modeling the training perfor-
mance and generalization gap and optimizing the selection
via Bayesian optimization (Cho et al. 2024).

2.3 Model-Based Transfer Learning

A practical solution to solve GSTS problem is provided by
MBTL (Cho et al. 2024), which we refer to as GP-MBTL in
this work. GP-MBTL discretizes the continuous source-task

!This was defined as the Sequential Source Task Selection prob-
lem in (Cho et al. 2024). We renamed the problem because its
goal is to greedily select a training task at each step, and the term
“sequential” fails to convey this aspect.



space, models source-task returns with Gaussian-Process re-
gression, and approximates the generalization gap as a linear
function of context similarity. At each iteration k, it selects
the source task xj that maximizes an acquisition function
combining predicted source task performance pix—1 (), un-
certainty o —1(z), and the estimated generalization gap to
target tasks. The policy trained on zy, is then evaluated, and
the GP posterior updated, progressively improving coverage
of the target set Y. We additionally use observed transfer
performance to refine the acquisition rule and estimate the
gap’s slope online. Full derivations, algorithmic details, and
hyperparameters are provided in Appendix 1.

3 Structure Detection Model-Based Transfer
Learning

CMDPs with multi-dimensional context spaces typically de-
mand significantly more data to keep model predictions accu-
rate, which challenges the Gaussian-process module in GP-
MBTL and complicates the exploration—exploitation trade-
off. When a CMDP obeys a recognisable structure, however,
that structure can be detected and then exploited to curb
unnecessary exploration. We therefore introduce a generic
Structure Detection Model-Based Transfer Learning (SD-
MBTL) framework for task selection.

3.1 Generalization Performance Structure
Decomposition

To support the identification and analysis of CMDP struc-
tures, we decompose the generalization-performance struc-
ture inspired by the Sobol-Hoeffding (functional-ANOVA)
decomposition, which uniquely and orthogonally splits any
square-integrable multivariate function into additive main-
effect terms and interaction terms (Hoffding 1948; Sobol’
1990). More details on how we derive this decomposition are
provided in Appendix C.

Definition 3.1 (Generalization Performance Structure De-
composition). For any task pair (z,y), define C :=
EmGX.,yGY[J(']va W 9(y) :=Eeex[J (12, y)] = C, f(x):=
J(7z,x) — g(x) — C, and h(x,y) := J(7z,y) — f(z) —
g(y) — C, thus we can get:

(s y) = f(2) + 9(y) + bz, y)+C, 2
and h(xz,y) =0ifz = y.

Based on empirical observations, we found three compo-
nents that affect generalization performance: 1) The intrinsic
quality of source policy influences whether it has good gen-
eralization across many tasks. 2) The difficulty of the target
task affects whether transferred policies can achieve high
performance on it. 3) The dissimilarity between source and
target tasks degrades generalization performance, as large
differences in context usually yield poor generalization. Thus,
we name f(x) as the policy quality, g(y) as the task diffi-
culty, and h(x, y) as the task dissimilarity between source
and target tasks.

Based on the decomposition, we outline the procedure for
addressing a CMDP by exploiting a specific structure. Within
a CMDP structure, one or more of f(x), g(y), and h(zx,y)
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may satisfy particular assumptions or properties, allowing
us to treat them as known components of J(7,,y). Thus, a
corresponding algorithm can be used to learn the remaining
unknown components and select training tasks based on the
model so as to maximize the objective.

3.2 SD-MBTL

SD-MBTL embeds a dynamic structure detection mechanism
inside the MBTL loop and chooses the corresponding MBTL
algorithm based on the detected structure. Its inputs are (i) a
set of candidate CMDP structures S, (ii) a detection routine
Detect : R**N — S, and (iii) a library of MBTL algorithms
{Alg,, ..., Alg g } matched one-to-one with the structures
in S. At each decision round, SD-MBTL uses the observed
generalization performances {J (7., Yn) fne[N], ne[s] tO in-
fer the current structure s; = Detect(+), then invokes the
corresponding algorithm Alg, to choose the next training
task x. After training, the new policy 7, is transferred to all
target tasks, yielding zero-shot generalization performances
{J (72, Yn) nen)- More details in SD-MBTL are provided
in Appendix K.

4 M/GP Model-Based Transfer Learning

As a concrete instantiation of SD-MBTL, we propose
M/GP-MBTL, which targets a special CMDP structure—
MOUNTAIN. When the CMDP satisfies MOUNTAIN, the
GSTS problem reduces to clustering, and we employ the
clustering-based M-MBTL. Otherwise, we revert to the more
general GP-MBTL. This two-way strategy combines the sam-
ple efficiency of M-MBTL with the robustness of GP-MBTL.

4.1 MOUNTAIN Structure

In our experiments, we observe that some CMDP problems
exhibit similar model structures. Figure 2 shows the pol-
icy quality f(x), task difficulty g(y), and task dissimilarity
h(z,y) in CartPole, BipedalWalker, and CyclesGym bench-
marks. In these tasks, f(z) is nearly constant. h(x,y) de-
creases approximately linearly as the context difference in-
creases, resembling a distance metric. These similar char-
acteristics suggest that they may originate from the same
underlying structure. Thus, we identify a specific generaliza-
tion structure—termed MOUNTAIN structure—that relies on
the following key assumptions.

Assumption 4.1 (Constant Source Task Influence). Policy
quality is constant: f(z) = CY.

Assumption 4.2 (Distance Metric for Task Dissimilarity).
The task dissimilarity h(x,y) is represented as a distance
metric: h(z,y) = —dist(z,y). The distance metric (Cech
and Kat&tov 1969) is a function dist : R” x R” — R which
satisfies dist(xz,z) = 0 Vz, positivity, symmetry, and the
triangle inequality. In this paper, we use the L; norm as the
distance metric for our algorithms.

The linear generalization gap assumption in (Cho et al.
2023) and (Cho et al. 2024) assumes J (7, y) — J (7, x) =
g(x) — g(y) + h(z,y) = k|z — y|. It can be considered a
specific case of Assumption 4.2, where the CMDP is one-
dimensional and target task difficulties g(y) are constant.
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Figure 2: Heatmap of policy quality f(x), task difficulty g(y), and task dissimilarity h(z,y) for CartPole (mass of cart),
BipedalWalker (scale), and CyclesGym (precipitation) averaged over three different random seeds. In these tasks, f(z) is nearly
constant. h(x,y) decreases approximately linearly as the context difference increases, resembling a distance metric.

Definition 4.3 (MOUNTAIN Structure). MOUNTAIN is a
CMDP structure where Assumption 4.1 and 4.2 holds. Or
equivalently, J(m,,y) = J(my, y) — dist(z, y).

The proof of equivalence is provided in Appendix D. We
refer to this as MOUNTAIN because the training performance
of the target task resembles mountain peaks, and the gen-
eralization performance acts like a slope that decreases as
the distance between source and target tasks increases. This
perspective effectively reduces GSTS to a clustering problem,
which will be discussed in Section 4.3.

4.2 Structure Detection

For an unknown CMDP, we aim to determine whether it
satisfies MOUNTAIN structure. At each step k we have
observed the generalization performances J (7, y) for all
x € {x1,...,2x}. Our goal is to test whether f(z) and
dist(z,y) individually obey Assumptions 4.1 and 4.2. Be-
cause MOUNTAIN structure does not include an explicit task
difficulty term g(y), we first remove the influence of task
difficulty on J (7, y) when performing structure detection.
Then we apply two criteria: (i) a Small Variance Criterion to
check whether policy quality is almost constant (Assumption
4.1), and (ii) a Slope Criterion to check that the majority of
slopes are decreasing like a distance metric (Assumption 4.2).
If both criteria are satisfied, we tag the CMDP as MOUNTAIN.

Removing the influence of task difficulty. For each step
k, we estimate the difficulty of target task by the mean gener-
alization performance of trained policies.

g(y) ~ EmEa:l:k [J(T‘—:ra y)] - C. 3

This estimate replaces € X in the Definition 3.1 with z €
1., because at step k we only have access to the information
in x1.. For any training task set 1.5 at step k£, we define the
relative generalization performance as the difference between
real generalization performance and its expectation over train-
ing tasks: J(7.,y) = J(7z,y) — Bweny, [J (T2, y)]- By
removing the influence of task difficulty g(y) by Equation 3,
we can have J (7., y) =~ f(z) + h(z,y).

Small Variance Criterion. Although Assumption 4.1
treats policy quality f(z) as a constant, a small variance
in f(x) does not materially distort the structure. We therefore
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compare the standard deviations of f(z) with task dissimilar-
ity h(z, y) to verify that f(z) indeed exhibits small deviation.

Lemma 4.4 (Relative Influence of Policy Quality
and Task Dissimilarity). If stdyes,., (J(7z,2)) <
Ercay ., [stdyey (J (72, v))], then we have

Std:veirl:k (f(‘r)) < Ewewhk [StdyEY(h(‘r7 y))]

When Lemma 4.4 holds, policy quality f(x) has a rela-
tively small variance. The proof is provided in Appendix E.
Define I(-) as the indicator function. Thus, for any training
task set x1.x at step k, we have the following criterion:

Small Variance Criterion

=1 (stdyeay . (J(M2, @) < Eoean, [stdyey (J(ma, y))])(4)
Slope Criterion. A distance metric dist(x,y) shows both
downward slopes on both sides of the source task, while As-
sumption 4.2 can be violated by the case where h(z, y) have
different slope signs. To capture this, we regress the observed
generalization performance on signed context differences and
extract the left- and right-hand slope vectors 6y ,0g € RP.
We verify this structure by checking whether the majority of
slopes are indeed decreasing, which is equivalent to confirm-
ing that the slope signs on both sides are the same, excluding
cases where both sides slope upward. Thus, we have:

D
Slope criterion := 1 (5 Z I[sgn(#9) = sgn(6%)] > ;) ,

d=1

&)
where 6¢ and 6¢ represents the slope in the d-th dimen-
sion. More details are provided in Appendix G. We define
Detect({.J(x, Yn) }ne[N],ne[k—1]) = MOUNTAIN if both
criteria are satisfied; otherwise, the result is NONE.

4.3 MOUNTAIN Model-Based Transfer Learning

Under MOUNTAIN, GSTS problem is reduced to a sequen-
tial clustering problem (Lemma 4.5). Proof is provided in
Appendix F. Specifically, the reduced problem is a sequen-
tial minimization of the total distance between target tasks
and their corresponding source tasks. Thus, a clustering loss
function can be used to search for training tasks fast and
accurately in a continuous set X.



Algorithm 1: M/GP-MBTL

Input: Task set Y = {yn }re[n]
for k € [K] do
s = Detect({J (7, Yn) }ne[N],kek—1])
if s =MOUNTAIN then
. < Run M-MBTL
else
zr < Run GP-MBTL
end if
Train on x, receive {J(Tx, Yn) fne[n
end for

Lemma 4.5 (Reduction of GSTS to Clustering). With the
MOUNTAIN structure, GSTS problem reduces to the sequen-
tial version of the clustering problem. Thus, a clustering loss
function can be used to search for training tasks fast and
accurately in a continuous set X.

dist(x', yn)]

(6)
Our MOUNTAIN Model-Based Transfer Learning (M-
MBTL) extends K-Means to this sequential setting. Because
fixing earlier centroids can trap the search in local optima,
we adopt a random restart technique (Yagiura and Ibaraki
2001): sample M target tasks as initial centroids, locally re-
fine each by the clustering loss above, and choose the one
with the lowest loss as the training task for that round. We
repeat this procedure for K rounds, training a policy on each
selected task and evaluating it on all targets. Full algorithms,
including our techniques to reduce the time complexity, are
provided in Appendix H.1. We also provide a comparison
between M-MBTL and GP-MBTL in Appendix J.

44 M/GP-MBTL

Based on the two algorithms and the detection approach
above, we introduce a concrete instantiation of SD-MBTL,
named M/GP-MBTL (Algorithm 1). This algorithm uses the
function Detect(-) mentioned in Section 4.2 to detect the
problem structure. Then it dynamically chooses between M-
MBTL for MOUNTAIN structures and GP-MBTL for more
general settings, enabling the algorithm to tailor its task se-
lection strategy to the underlying CMDP structure.

fork e [K]: zy =argmin E, [ min
x TUrlery . 1U{z}

5 Experiments

In this section, we present an extensive evaluation of our
approaches, organized around two guiding questions: Q1:
Under what conditions does M-MBTL perform well, and un-
der what conditions does GP-MBTL perform well? Q2: Can
M/GP-MBTL always achieve the best of both worlds, or ap-
proach optimal performance? We investigate these questions
on CMDP experiments, including synthetic data, continuous
control, eco-friendly traffic control, and crop management.
Appendix O.3 reports ablation studies to assess how differ-
ent combinations of algorithms in SD-MBTL affect perfor-
mance, and Appendix H.3 compares the runtime. Appendix
0.2 shows the algorithm selection at each round and the
number of training policies required to achieve e-suboptimal.
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5.1 Setup

Although our aim is to tackle high-dimensional CMDPs,
the number of tasks—and hence the training time—grows
exponentially with dimensionality. Therefore, we confine our
experiments to three-dimensional settings.

Baselines. We consider two types of baselines: canonical
and multi-policy. The canonical baselines include: (1) In-
dependent training, which trains separate policies on each
MDP task; and (2) Multi-task training, where a univer-
sal context-conditioned policy is trained for all tasks. The
multi-policy baselines include: (3) Random selection, which
selects training tasks uniformly at random; (4) GP-MBTL
(Cho et al. 2024); (5) M-MBTL; and (6) Myopic Oracle,
an optimal solution for GSTS problem which has access to
the generalization performance of each source-target pair
(z,y) in all experiment trials and selects the training task
myopically in each step. More details, including the formal
definition and relationship to prior work, are provided in
Appendix L.

Train and zero-shot transfer. We discretize the continu-
ous task set X into NV tasks. For the ease of our problem, we
set these discretized tasks the same as Y. We use Proximal
Policy Optimization (PPO) (Schulman et al. 2017) for train-
ing. We zero-shot transfer the policies obtained after training
each task to all other tasks. The generalization performance
constructs a transfer matrix whose rows represent source
tasks and columns represent target tasks. We set the number
of decision rounds K = N, and train three times with differ-
ent random seeds. More details on deep RL implementation
and hyperparameters are provided in Appendix N.

Bootstrapping. However, three matrices are not enough
for evaluating our different source task selections. To address
this, we employ bootstrapping (Tibshirani and Efron 1993)
to synthesize an expanded dataset. Since each task is indepen-
dently trained three times, the rows of the transfer matrix are
independent. Therefore, we generate 100 bootstrapped trans-
fer matrices with different random seeds by resampling rows
of the transfer matrices with replacement from the original
set of trained policies. Through bootstrapping, each row of
the transfer matrix is still sampled from its true distribution,
but the number of transfer matrices is significantly increased.
It allows us to more reliably approximate the real distribu-
tion of the transfer matrix and thereby mitigate the effects of
limited training runs.

Performance measure. We apply min-max normalization
to the performance across all tasks after the algorithm is run.
We use the mean as the performance metric, and use bootstrap
resampling to compute the 95% confidence intervals (CI) of
the performance. Because the upper and lower bounds of the
CI are roughly symmetric, we only display  (upper—lower)
the CI half-width. We also evaluated the IQM and the median
of the performance, which are presented in Appendix O.2.
Both of them are close to the mean. Additionally, to compare
methods across different benchmarks and cases, we use an
aggregated performance metric adapted from the human-
normalized score (Badia et al. 2020; Mnih et al. 2015): each
algorithm’s score on a benchmark is linearly rescaled so
that the Random baseline maps to 0 and the Myopic Oracle



to 1, and we then average these normalized scores over all
benchmarks. This single O—1 value shows both how much an
algorithm surpasses Random and how close it comes to the
oracle; full definitions and formulas appear in Appendix M.

5.2 Synthetic Data

Data description. We first evaluate the performance of
M/GP-MBTL under synthesized dataset, including the cases
where Assumptions 4.1 and 4.2 are satisfied or not, as well
as cases with varying noise levels. We discretize the three
dimensional continuous task set X into N = 8 x 8 x 8
tasks, each characterized by three context dimensions, where
each dimension is an integer ranging from 1 to 8. We generate
J(m2,y) = f(x)+9(y)+h(z,y)+C+ey y , Where C = 500
is a constant that does not affect any algorithmic decisions,
€z, ~ N(0,0?) is a Gaussian noise sampled independently
for all  and y, and 0 = 5. We include eight conditions,
which is the combination of three variations: 1) constant and
non-constant f(x); 2) constant and non-constant g(y); 3) dis-
tance metric holds or does not hold. We use a linear function
f(z) =1[4,4,4]-x and g(y) = [3, 3, 3]-y for the non-constant
case, and f(x) = 0, g(y) = 0 for constant case. When the
distance metric holds, h(z,y) = —[3,3, 3] |x —y|, where |- |
means the absolute value for each element in a vector. Other-
wise, h(l’,y) = _([3737 3] ’ [l‘ - y]+ + [17 1, _3] : [{L‘ - y]*)
We also tested our approaches on the synthetic data with
different noise levels in Appendix O.1.

Results. Table 1 presents the performance comparison on
synthetic data. Rows shaded in light gray indicate the syn-
thetic settings that satisfy our proposed MOUNTAIN structure
assumption. Answer to Q1: When MOUNTAIN structure
holds, M-MBTL achieves the best performance among multi-
policy baselines and closely approaches the performance of
the myopic oracle. This indicates that M-MBTL effectively
exploits this structure to get near-optimal performance with
reduced training cost. Conversely, when MOUNTAIN struc-
ture is violated, GP-MBTL achieves the highest performance,
demonstrating a general ability to handle CMDP problems.
Answer to Q2: Overall, M/GP-MBTL attains the best ag-
gregated performance, demonstrating that it can successfully
detect whether a CMDP satisfies MOUNTAIN structure and
choose the appropriate algorithm accordingly.

5.3 CMDP Benchmarks

Benchmarks. We consider four CMDP benchmarks: Cart-
Pole, BipedalWalker, IntersectionZoo, and CyclesGym. In
CartPole, the objective is to keep a pole balanced upright
on a moving cart. We vary three key context variables—
length of the pole, mass of the pole, and mass of the cart—
in ranges spanning from 0.2 to 2 times their standard val-
ues (N = 9 x 10 x 10). BipedalWalker is a 4-joint walker
robot environment. Context variables are friction, gravity,
and scale, ranging from 0.2 to 1.6 times their default val-
ues (N = 8 x 8 x 8). We use CARL environments (Ben-
jamins et al. 2023) for these CartPole and BipedalWalker.
IntersectionZoo (Jayawardana et al. 2025) is a multi-agent
CRL benchmark for eco-driving in urban road networks. We
run experiments on a synthetic intersection network con-
figuration with three context variables—traffic inflow, au-
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tonomous vehicle (AV) penetration rate, and traffic signal
green-phase duration—from 0.2 to 1.2 times their default
values (N = 6 x 6 X 6), providing a broad range of complex
traffic scenarios for evaluation. CyclesGym (Turchetta et al.
2022) is an agricultural management simulation environment
in which an RL agent is tasked with managing various crop-
related parameters. Context variables are temperature, sun-
light, and precipitation. These variables are discretized into a
6 x 6 x 6 grid, yielding different agricultural scenarios. More
details on CMDP benchmarks are provided in Appendix N.2.

Results. Table 2 summarizes the results across four bench-
marks. Answer to Q1: On the whole, the gap between the
Myopic Oracle and canonical baselines (independent and
multi-task training) indicate the potential of MBTL-based
strategic task selection. Multi-task training performs the best
on CartPole, which may be because the problem is relatively
easy, such that a single straightforward context-conditioned
policy can achieve strong performance across the CMDP.
However, it performs worse in other benchmarks, potentially
due to increased task complexity, where it may suffer from
model capacity limitations. By contrast, M-MBTL and GP-
MBTL show better aggregated metric performance than in-
dependent training and multi-task training. In tasks that sat-
isfy MOUNTAIN structure (BipedalWalker, CyclesGym), M-
MBTL achieves the highest performance. When the structure
is violated (IntersectionZoo), GP-MBTL becomes superior,
showing the value of a GP model for source-task perfor-
mance. In addition, CartPole satisfies the assumptions of
both M-MBTL and GP-MBTL, so both algorithms perform
well. Answer to Q2: Across all four benchmarks, M/GP-
MBTL consistently matches the stronger of M-MBTL and
GP-MBTL. It achieves the best aggregated performance and
shows an improvement of 0.1249 over GP-MBTL, indicating
that it moves 12.49% closer to the Myopic Oracle within the
MBTL framework. This highlights the method’s effectiveness
in addressing various CMDP problems.

6 Related Works

Contextual Reinforcement Learning and Multi-Policy Ap-
proaches. CRL provides a framework for managing varia-
tions of MDP in environment dynamics, rewards, and initial
states through a context variable, effectively yielding a fam-
ily of related tasks parameterized by these contexts (Hallak,
Di Castro, and Mannor 2015; Modi et al. 2018; Benjamins
et al. 2023). When the context is observed, a popular ap-
proach is to train a single policy that explicitly conditions on
this contextual information (Teh et al. 2017; Sodhani, Zhang,
and Pineau 2021) or by encoding it with a latent representa-
tion (Yu et al. 2020; Sun et al. 2022). Although performance
can be strong when the tasks are homogeneous, negative
transfer and capacity limits arise when context variation is
large. An alternative is to train a small set of expert poli-
cies. This idea has been explored through policy committees
(Ge et al. 2025) and represented-MDPs (Ivanov and Ben-
Porat 2024), where the primary goal is to cluster the task
space upfront and train one expert policy per cluster. Recent
work shows that training only a few carefully chosen source
tasks can outperform both independent training and multi-
task training (Cho et al. 2023, 2024). We generalize these



f(z) g(y)  h(z,y) Random GP-MBTL  M-MBTL (Ours) M/GP-MBTL (Ours) | Myopic Oracle
Constant Linear Non-distance 0.6956 £ 0.0009 0.7212 £+ 0.0006 0.6976 + 0.0002 0.7168 £ 0.0010 | 0.7260 £ 0.0001
Constant Linear L; norm 0.7011 £ 0.0002 0.6961 £ 0.0011 0.7038 £ 0.0002 0.7038 £ 0.0002 0.7048 £ 0.0002
Constant None Non-distance 0.7906 £ 0.0014 0.8369 + 0.0003 0.7936 + 0.0003 0.8334 £ 0.0004 | 0.8375 £ 0.0002
Constant None L; norm 0.7722 £ 0.0004 0.7747 £ 0.0005 0.7762 £ 0.0003 0.7762 £ 0.0003 0.7778 £ 0.0003
Linear  Linear Non-distance 0.5773 £+ 0.0015 0.6088 + 0.0001 0.5782 + 0.0001 0.6086 + 0.0001 0.6090 £ 0.0001
Linear  Linear L; norm 0.5880 £ 0.0020 0.6218 £ 0.0001 0.5900 =+ 0.0002 0.6216 -+ 0.0002 0.6221 +£ 0.0001
Linear None Non-distance 0.6672 £ 0.0020 0.7083 £+ 0.0002 0.6683 + 0.0002 0.7073 £ 0.0006 | 0.7088 £ 0.0002
Linear None L; norm 0.7401 £ 0.0021 0.7744 £+ 0.0012 0.7422 £ 0.0002 0.7751 £ 0.0002 0.7756 £ 0.0001

Aggregated Performance

-0.0000 £ 0.0107 0.2127 £ 0.0511

0.0147 £ 0.0089 0.3099 + 0.0290 | 1.0000 + 0.0088

Table 1: Performance comparison on Synthetic Data (e = N(0, 52)) with K = 50. Values are reported as the mean performance
+ half the width of the 95% confidence interval. Rows shaded in gray indicate the settings that satisfy our proposed MOUNTAIN
structure. Bold values represent the highest value(s) within the statistically significant range for each task, excluding the oracle.

Benchmark (CMDP) Independent Multi-task Random GP-MBTL M-MBTL (Ours) M/GP-MBTL (Ours)\Myopic Oracle

CartPole 0.9346 0.9967 0.9861 0.9919 0.9896 0.9898 0.9998
(K =12) 4 0.0003 +0.0024 £0.0017 =+£0.0013 4 0.0016 =+ 0.0016 4 0.0000
BipedalWalker 0.7794 0.5680 0.8051 0.8073 0.8315 0.8261 0.8629
(K =12) 4 0.0011 £0.0919 £0.0045 =+ 0.0044 £ 0.0029 £ 0.0030 £ 0.0011
IntersectionZoo 0.2045 0.3788 0.5288 0.5840 0.4878 0.5682 0.6305
(K = 50) £ 0.0008 £0.1059 £0.0108 = 0.0092 =+ 0.0064 £ 0.0069 £ 0.0082
CyclesGym 0.2133 0.2081 0.2198 0.2193 0.2205 0.2201 0.2214
(K = 50) £ 0.0002 £ 0.0002 =£0.0001 = 0.0001 4 0.0001 £ 0.0001 £ 0.0001
Aggregated -2.9063 -3.1120 0.0000 0.1681 0.1822 0.2930 1.0000
Performance +0.1470 + 1.8408 £ 0.0467 =+ 0.0539 + 0.0503 + 0.0403 + 0.0236

Table 2: Performance comparison of different methods on CMDP benchmarks. Values are reported as the mean performance +
half the width of the 95% confidence interval. Bold values represent the highest value(s) within the statistically significant range

for each task, excluding the oracle.

ideas in multi-dimensional contexts and a meta layer that
first detects what generalization structure is present before
choosing which task-selection to deploy.

Structure Detection. Structure detection appears widely
in machine learning, for example in detecting convexity for
optimization problems (Ahmadi et al. 2013) and discovering
GP kernels for nonparametric regression (Duvenaud et al.
2013). Typical frameworks include finding good approxima-
tions or decomposing the unknown functions. However, struc-
ture detection is fairly nascent in the context of CRL. In CRL,
structure detection appears appears as (i) context change
detection, where hierarchical RL agents infer when environ-
ment dynamics have shifted and switch options accordingly
(Yiicesoy and Tiimer 2015); (ii) model selection, where on-
line statistical tests reject over-complex dynamics models
to curb over-fitting (Lee et al. 2021); and (iii) policy-reuse
selection, where an agent leverages a pre-existing library of
policies. These methods decide whether a source policy can
be safely transferred to a new target task (Ferndndez and
Veloso 2006) or combine multiple source policies to solve a
target task, for example, through a mixture-of-experts model
(Gimelfarb, Sanner, and Lee 2021). Our work also detects
structure online, but we leverage it to choose a source-task,
rather than to re-weight or gate a fixed library of policies; in
principle, both ideas can be combined.
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Appendix A surveys additional literature on clustering
methods and solutions for CRL.

7 Conclusion

We propose a structure detection framework for CRL that
infers the underlying structure of CMDPs and adaptively
selects the task selection strategy. Our M/GP-MBTL algo-
rithm switches between a clustering strategy for MOUNTAIN
cases and a GP-based strategy otherwise. Experiments on syn-
thetic and real benchmarks show consistent improvements
over prior methods, highlighting the promise of structure
detection for scalable and robust transfer learning in com-
plex CRL environments. Nevertheless, our study has several
limitations. First, the current detector focuses on a single
structure; Second, structure inference relies on transfer evalu-
ations of training tasks, which can be costly when the context
space is very large or when policies are expensive to evaluate;
Third, all experiments were conducted in three-dimensional
context spaces; additional work is needed to confirm scalabil-
ity to higher-dimensional settings. Future work will explore
richer CMDP structures and develop specialized algorithms
to reduce the number of required source-task trainings while
maintaining (or improving) generalization performance.
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