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Abstract
Policies must operate across diverse conditions, yet a single policy is often conservative while fully
adaptive schemes can be complex. We study zero-shot generalization in contextual dynamical sys-
tems and introduce a performance-centric, directional task dissimilarity—the signed divergence—
that upper bounds the generalization gap from a source context to a target context. The signed
divergence induces ε-tolerance sets that certify when a source policy class generalizes, and it yields
a concrete notion of task-space complexity: the minimum number of source contexts needed so that
every target context incurs at most ε generalization gap. Under a mild local smoothness assumption
on performance, the induced tolerance sets admit certified inner/outer balls and instance-dependent
volume bounds on task-space complexity. In the finite-oracle setting, source selection reduces to
set cover; a greedy strategy inherits the standard H(n) approximation guarantee. Using a Mass-
Spring-Damper system with linear–quadratic regulator (LQR) controllers and a nonlinear CartPole
system with deep reinforcement learning controllers, we show that greedy selection achieves the
same ε-coverage with fewer policies than uniform or random baselines. Our approach delivers
a performance-based task similarity measure and practical certificates for building generalizable
control with simple policies.
Keywords: Generalization, Reinforcement Learning, Task Space Complexity, Zero-shot Transfer.

1. Introduction

Modern control systems increasingly operate across diverse conditions—robots handle objects of
varying mass, autonomous vehicles drive on surfaces with different friction, and physical systems
vary in stiffness, damping, and load. In such contextual dynamical systems, each task is parame-
terized by an observable context vector θ in a context space Θ. Traditional control theory, and its
machine learning extension, reinforcement learning (RL), have long focused on designing a single
feedback law that works for a class of dynamical systems. However, as system diversity grows, this
one-size-fits-all paradigm is reaching its limits.

For instance, classical robust control seeks a simple context-independent controller that stabi-
lizes all possible parameter realizations, often yielding conservative performance (Zhou and Doyle,
1998). Adaptive control continuously tunes its parameters online, but can become unnecessarily
complex when environments change slowly or when online identification is difficult (Ioannou and
Sun, 1996). Similarly, multi-task deep RL aims to train a single context-conditioned controller
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across tasks, but such policies often underperform specialized single-task policies or require exces-
sive capacity and data (Kang et al., 2011; Parisotto et al., 2016).

Recent empirical work, including our own, suggests a complementary alternative: rather than
searching for one universal controller, train multiple “simple” context-independent controllers, each
specialized for a narrow region of the context space, and switch among them as contexts change
(Cho et al., 2023, 2024). This approach, akin to gain scheduling, has demonstrated strong empirical
performance in several settings (Rugh and Shamma, 2000). However, to the best of our knowledge,
despite these successes, there remains no theoretical framework explaining when and why such
strategies succeed. To address this gap, we aim to formalize the task-space complexity of a class
of dynamical systems according to the difficulty of achieving a uniform bound of ε-optimal per-
formance, which we characterize in terms of the minimal number of narrowly-trained controllers.
Owing to the empirical motivation, this work focuses on zero-shot generalization in contextual
dynamical systems, although we expect that the framework will generalize to other training and
generalization paradigms. In this setting, a controller trained at one context is directly applied to
another without retraining or adaptation.

To make this notion operational, we require a principled performance-based measure of task
dissimilarity between contexts that reflects the generalization gap rather than raw parameter dis-
tance. A common heuristic is to use Euclidean or Wasserstein distance in context space, implicitly
assuming that nearby contexts are similar (Slivkins, 2011; Modi et al., 2018; Cho et al., 2024; Dick
et al., 2025). However, this assumption can be misleading: performance may be insensitive to some
coordinates and highly sensitive to others. We therefore introduce a performance-based and di-
rectional dissimilarity, called the signed divergence, that upper-bounds source-relative transfer loss
when reusing policies from one context at another. The signed divergence naturally leads to a formal
definition of task-space complexity—the minimal number of simple policies needed to achieve ε-
tolerant performance across all contexts. Intuitively, systems with smooth performance landscapes
(where the signed divergence changes slowly across contexts) exhibit low task-space complexity,
while systems with sharp transitions require many specialized controllers. Operationally, calculat-
ing task-space complexity reduces to selecting a minimal set of sources whose ε-tolerance sets cover
the context space Θ. This is exactly an instance of a set cover instance over the context space: each
trained source induces a tolerance set, and the goal is to cover all contexts with as few such sets as
possible. We design a greedy selection rule that iteratively chooses the source providing the largest
marginal coverage, enjoying the classical H(n)-approximation guarantee for set cover.

Our contributions are as follows:
1. A directional, performance-based signed divergence that upper-bounds zero-shot transfer loss

and is weaker than standard model smoothness assumptions.
2. A formal definition of task-space complexity via ε-tolerance sets, together with inner/outer

geometric certificates and volume-based bounds.
3. A set-cover formulation of source selection with a greedy H(n) guarantee in the finite-oracle

setting, validated on linear and nonlinear systems using oracle tolerance sets.

2. Related Work

Generalization in Control and RL. The challenge of designing controllers for a family of systems
is a long-standing problem in control theory. Gain scheduling is a classical engineering approach in
which controllers are designed for a set of operating points and interpolated for intermediate points
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(Rugh and Shamma, 2000). While practical, this method often lacks formal performance guaran-
tees for the interpolated controllers. Our work provides a discrete alternative based on certifying
transfer regions. In RL, generalization remains a central challenge, with efforts focused on domain
randomization (Tobin et al., 2017), meta-learning (Finn et al., 2017), and multi-task learning (Caru-
ana, 1997; Wilson et al., 2007; Zhang and Yang, 2021; Hendawy et al., 2024) to train policies that
are robust to environmental variations. Recent work has studied when generalizable RL is tractable
(Malik et al., 2021) and how to obtain provable zero-shot transfer in offline settings (Wang et al.,
2025; Zhang et al., 2025). Multi-policy training with zero-shot transfer has also been explored
empirically to mitigate instability in both optimization and generalization (Cho et al., 2023, 2024).
Contextual Dynamical Systems. We consider contextual dynamical systems, which are a collec-
tion of related dynamical systems parameterized by the context vector. For example, consider a
set of linear systems parameterized by a context vector θ, or consider Contextual Markov Decision
Processes (CMDPs). The CMDP framework, which extends MDPs by introducing a context vector
that parameterizes the system dynamics and rewards, is the formal model for the systems we con-
sider (Hallak et al., 2015; Modi et al., 2018). Much of the theory for CMDPs derives generalization
bounds from smoothness assumptions on the underlying model parameters. A canonical example
is Cover-Rmax algorithm proposed by (Modi et al., 2018), where the ball radii are determined by
known global Lipschitz constants of the dynamics. Our work departs from this by working directly
with the performance function. This can be substantially less conservative because policies may
never visit the regions where model mismatch is large.
Task Similarity. Quantifying similarity between tasks is a prerequisite for transfer (Ammar et al.,
2014; Zamir et al., 2018; Standley et al., 2020). Prior RL approaches include model-based com-
parisons of MDP parameters (Ammar et al., 2014) and bisimulation-style behavioral metrics (Ferns
et al., 2004; Castro, 2020). Our signed divergence differs in being directional, performance-based,
and explicitly tied to zero-shot policy reuse. Closest in spirit to our work is Preiss and Sukhatme
(2021), who study suboptimal coverings for continuous spaces of control tasks. Their framework
also asks how a task space can be covered efficiently, but it starts from an externally specified no-
tion of task similarity and focuses on constructing coverings for continuous task spaces. Our setting
differs in three ways: (i) the coverage relation is induced by a directional performance divergence
rather than a symmetric task metric; (ii) our main object is the minimum cover size itself, interpreted
as an intrinsic task-space complexity; and (iii) our geometric certificates are derived from local be-
havior of the performance function. Related algorithmic ideas also arise in facility-location formu-
lations for acquiring policy libraries in human–robot settings (Vats et al., 2022). These methods
reason about generalized or probabilistic coverage and query costs, whereas we study deterministic
tolerance sets and use them to define a complexity notion for contextual control families.
Task-Space Complexity. The idea that tasks possess an intrinsic complexity beyond the size of
the search space has appeared in several fields (Gill and Murphy, 2011). In RL, task complexity
influences controller design (Kim et al., 2019) and exploration (Li et al., 2025). Building on this,
our framework provides a direct, computable answer to how many policies are sufficient to solve a
task space, thereby quantifying the complexity of the task space itself.

3. Preliminaries

Given a context vector θ ∈ Θ ⊂ Rd, we consider a family of control systems that may differ in
dynamics, reward structure, and temporal formulation. A policy π maps states to actions, and the
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performance function J(θ, π) quantifies how well π performs on the system indexed by θ. This
formulation is intentionally abstract and covers both continuous- and discrete-time systems. For
instance, in a continuous-time linear system, the dynamics are ẋ(t) = A(θ)x(t) + B(θ)u(t),
where the matrices A(θ) and B(θ) depend on the context vector θ, while in discrete time the
analogous dynamics are xt+1 = A(θ)xt + B(θ)ut. We use the convention that larger J is bet-
ter. For a continuous-time linear-quadratic regulator (LQR) problem, for example, one may take
J(θ, π) = −

∫∞
0

(
x⊤Qx+ u⊤Ru

)
dt. For a finite-horizon CMDP, one may instead use J(θ, π) =

E
[∑T

t=0 r(xt, ut; θ)
]
.

We denote by Π(θ) the set of source policies under consideration associated with context θ. It
is the exogenously chosen source family returned by a specified training or synthesis pipeline at
context θ—for example, multiple random seeds, checkpoints, or perturbed LQR gains. Throughout
the algorithmic sections we focus on the practically relevant finite case. We refer to a simple (or
context-independent) policy as a fixed feedback law π(x) that chooses actions based only on the
current state (e.g., a single gain matrix for linear systems, or a state-conditioned action distribution
in RL). Such a policy is memoryless and static, i.e., it does not adapt to changes in environmental
parameters. In contrast, a context-dependent policy chooses actions based on both state and context,
either (i) explicitly, when the context θ is observable, π(x, θ), or (ii) implicitly, when the policy
infers context from the trajectory history, π(x, history). Training a generalizable, context-dependent
policy across diverse contexts is typically challenging; hence, we focus on composing a finite set of
simple policies that, together, achieve ε-level performance across contexts.

This work focuses on quantifying the performance loss when a policy optimized for one context
θ is applied to a different context θ̃ ̸= θ (Kirk et al., 2023). This performance loss, often termed
the generalization gap, is critical for understanding the transferability of policies and determining
when new policies must be trained. We denote π∗(θ) as the best policy in the considered policy set,
i.e., π∗(θ) = argmaxπ∈Π(θ) J(θ, π). We represent the performance loss (or generalization gap)
∆J(θ, θ̃) as the difference in performance between applying the optimal policy π∗(θ) in its original
context θ and applying it in a different context θ̃. Formally:

∆J(θ, θ̃) = J(θ, π∗(θ))− J(θ̃, π∗(θ)). (1)

This definition of the generalization gap is of particular interest because it quantifies the subopti-
mality incurred by zero-shot generalization. We retain ∆J because it is the motivating one-policy
quantity: it measures the loss incurred by transferring a single source-optimal controller. We say a
policy π achieves ε-level performance at θ̃ relative to θ if ∆J(θ, θ̃) ≤ ε.

4. Task Dissimilarity

4.1. Signed Divergence as Dissimilarity

For zero-shot transfer, what matters is not how far two contexts are in parameter space but how much
performance degrades when a source policy is reused at the target. This motivates the following
directional dissimilarity.

Definition 1 (Signed divergence) Given a set of policies Π(θ1) associated with context θ1, define
the signed divergence from θ1 to θ2 by

DΠ(θ1)(θ1; θ2) := sup
π∈Π(θ1)

(J(θ1, π)− J(θ2, π)) . (2)
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When the source family is clear from context, we write D(θ1; θ2).

Compared to existing task similarity metrics, which often rely on state or policy embeddings (Agar-
wal et al., 2021) or heuristic definitions (Ferns et al., 2004), the proposed divergence measure has
several key advantages in analyzing generalization. Its primary advantage is that it is performance-
centric, directly tied to the generalization performance, providing a more relevant measure of dis-
similarity than standard heuristics. By taking the supremum over a class of policies, the signed
divergence provides a robust, worst-case guarantee, making it resilient to variations in training
outcomes that might produce different (but near-optimal) policies. The signed divergence is also
monotone in the exogenously given policy set (e.g., the limit points of a specified training pipeline
at θ). As a special case, choosing Π(θ) = {π∗(θ)} reduces the divergence to the loss of an optimal
policy when transferred. If Π1(θ1) ⊆ Π2(θ1) then DΠ1(θ1; θ2) ≤ DΠ2(θ1; θ2). This means the user
can trade computability against conservatism by using a small finite policy set. Alternative policy
sets (e.g., near-optimal policies that generalize better) may further reduce the signed divergence.
Also, if J(·, π) is locally Lipschitz in θ for all π ∈ Π(θ1), then D(θ1; θ2) is locally Lipschitz in
θ2. Finally, the signed divergence is inherently asymmetric, i.e., D(θ1; θ2) ̸= D(θ2; θ1), in general.
This directionality correctly captures that the difficulty of transferring from one context to another
is not necessarily symmetric.1

4.2. Relation to Model Smoothness in CMDPs

An alternative approach to analyzing contextual systems is to assume that the underlying MDP
parameters vary smoothly with context (Modi et al., 2018).

Definition 2 (Smoothness (Modi et al., 2018)) Given a CMDP (Θ,S,A,M) where Θ is the con-
text space, S is the state space, A is the action space,M is a function which maps a context θ ∈ Θ
to MDP parametersM(θ) = {pθ(·|·, ·), rθ(·, ·), µθ(·)} and a distance metric over the context space
ϕ(·, ·), if for any two contexts θ1, θ2 ∈ Θ, we have the following constraints:

∥pθ1(·|s, a)− pθ2(·|s, a)∥1 ≤ Lpϕ(θ1, θ2), (3a)

|rθ1(s, a)− rθ2(s, a)| ≤ Lrϕ(θ1, θ2). (3b)

Then the CMDP is smooth with smoothness parameters Lp and Lr.

While both approaches aim to bound performance variation, our signed divergence offers several
practical advantages. First, our measure is policy-class dependent, whereas model-based smooth-
ness is not. The smoothness definition in Modi et al. (2018) requires that the transition and reward
functions be Lipschitz continuous over the entire state-action space and the Lipschitz constants be
known. This can lead to pessimistic bounds if large changes in the dynamics occur in regions that
are irrelevant to the policies of interest. In contrast, our signed divergence is defined with respect
to a specific policy class Π(θ1). This distinction is critical when changes in the system dynamics
occur in parts of the state-action space that are irrelevant to the policies of interest. In such cases,
the model parameters may change dramatically, but the performance of the relevant policies remains
unaffected. The following proposition formalizes this idea.

1. In addition, the signed divergence is not a formal distance metric—it need not satisfy the triangle inequality.
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Proposition 3 There exists a family of CMDPs for which the parameter variations ∥pθ1(·|s, a) −
pθ2(·|s, a)∥1 can be large for some (s, a), while the divergence D(θ1; θ2) remains small.

This proposition shows that assuming model parameter smoothness is not a necessary condition
for performance generalization. Conversely, it is a sufficient condition under this local Lipschitz
assumption on J(θ, π), as formalized below.

Proposition 4 (Model vs. performance continuity) Let Lmodel be a bound on |J(θ1, π)−J(θ2, π)|
implied by Lipschitz constants (Lp, Lr) as in Definition 2. Then for any policy set Π,

Lperf(Π) := sup
π∈Π

sup
θ1 ̸=θ2

|J(θ1, π)− J(θ2, π)|
ϕ(θ1, θ2)

≤ Lmodel. (4)

Together, Propositions 3 and 4 show that performance continuity can be strictly weaker than
model smoothness. We refer the reader to Appendix A and B for the complete proof.

Second, our signed divergence is computable for the practically relevant policy classes consid-
ered in this work and captures the directional nature of policy transfer. As defined in Section 3, the
policy set Π(θ1) represents the finite collection of policies given exogenously (e.g., training a DRL
agent with multiple random seeds). In this setting, the supremum in Definition 1 becomes a maxi-
mum over a finite set, making the signed divergence D(θ1; θ2) directly computable once the perfor-
mance of each policy in the set is evaluated as D(θ1; θ2) = maxπ∈Π(θ1) (J(θ1, π)− J(θ2, π)) . In
this formulation, J(·, π) can be estimated from system rollouts. In addition, the generalization gap
is inherently directional by definition. Any symmetric metric used in standard heuristic symmetric
(e.g., Euclidean/Wasserstein) cannot encode this thus can misguide source selection. Our signed
divergence is asymmetric by design to capture this effect. Details are explained in Appendix C.

5. Task-Space Complexity

This section operationalizes the signed divergence to answer the following question: how many
source contexts (or policies) suffice to guarantee at most ε-tolerance performance everywhere in Θ?

5.1. Tolerance Sets and Set Cover

For a source context θ ∈ Θ, define its ε-tolerance set as the targets on which the source policy sets
loses at most ε.

Definition 5 (ε-tolerance set) For a context θ ∈ Θ and with a tolerance ε > 0, its ε-tolerance set
is defined as Sε(θ) =

{
θ̃ ∈ Θ : D(θ; θ̃) ≤ ε

}
.

Since the divergence takes a supremum over the policy set, Sε(θ) is a policy set level certificate:
every policy in the retained source family incurs at most ε loss on targets in Sε(θ). In the singleton
case, it reduces to the usual region of competence of one source controller.

We may regard an oracle O : R × Θ 7→ P(Θ) that maps a tolerance level ε ∈ R and a
context θ ∈ Θ to an ε-tolerance set O(ϵ, θ) = Sε(θ) ⊂ Θ. When ε is clear from context, we
simply write S(θ). In practice, we operate on a finite grid of contexts rather than the continuous
space; the technical treatment of the resulting discretization gap and radius adjustment is deferred
to Appendix D.
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Our goal is to choose the smallest possible subset of source contexts, Θsrc, whose tolerance sets
cover Θ. This construction connects generalization guarantees directly to a well-studied set-cover
problem, enabling complexity results and approximation algorithms. We directly pose source-task
selection as a set cover instance over {Sε(θ)}θ∈Θ with the finite universe (Karp, 1972).

Definition 6 (Source task selection via set cover) The source task selection (STS) problem (Cho
et al., 2024) with ε-tolerance set becomes a set cover problem that seeks the smallest subset of
source contexts whose covers blanket Θ:

min
Θsrc⊆Θ

|Θsrc| s.t. Θ ⊆
⋃

θ∈Θsrc

Sε(θ). (P)

Why cover contexts rather than policies? One could alternatively attempt to cover the policy
space by selecting a representative subset of controllers. That viewpoint is useful for removing
redundancy among controllers, but by itself it does not certify which target tasks are served: con-
trollers that are close in parameter space can fail on different regions of Θ. Our notion asks whether
every target context lies in some certified tolerance set.

5.2. Task-Space Complexity

Definition 7 (Task-space complexity) We define task-space complexity as the minimal number of
source contexts whose policies, when zero-shot transferred, collectively achieve a generalization
gap ≤ ε across the task space Θ. Formally, task-space complexity at tolerance ε as

Compε(Θ;Π) := min
Θsrc⊆Θ

{
|Θsrc| : Θ ⊆

⋃
θ∈Θsrc

Sε(θ)
}
. (5)

Thus, Compε(Θ;Π) is precisely the optimum of (P).

Task-space complexity Compε is a performance-based complexity of the task space at tolerance
ε, parameterized by the chosen policy classes. It quantifies “how modular” the system must be:
smoother generalization landscapes require fewer modules (controllers), while highly heteroge-
neous ones demand more. It upper-bounds the number of policies one must keep in a policy set
to meet the tolerance everywhere.

5.3. Local Loss Rates and Geometric Certificates

We next show that local performance smoothness around each context induces a pair of geometric
inner and outer certificates that bound the ε-tolerance set. Specifically, we define local upper and
lower loss rates, Lr(θ) and M r(θ), which quantify the steepest local performance decrease and
increase, respectively.

Definition 8 (Local upper/lower loss rates at radius r) For r > 0, define the ball Br(θ) = {θ̃ :
∥θ̃ − θ∥2 ≤ r} and

Lr(θ) := sup
θ̃∈Br(θ), θ̃ ̸=θ

sup
π∈Π(θ)

J(θ,π)−J(θ̃,π)

∥θ−θ̃∥2
, M r(θ) := inf

θ̃∈Br(θ), θ̃ ̸=θ
inf

π∈Π(θ)

J(θ,π)−J(θ̃,π)

∥θ−θ̃∥2
. (6)
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Remarks. (i) r 7→ Lr(θ) is nondecreasing; r 7→ M r(θ) is nonincreasing. (ii) If J(·, π) is locally
Lipschitz for each π and Π(θ) is finite, then Lr(θ) < ∞ for small r. (iii) M r(θ) can certainly
be nonpositive. This occurs whenever transfer is beneficial in some nearby directions. A positive
lower rate is needed only for the outer certificate below and for the corresponding lower bound on
complexity; the inner certificate depends only on Lr(θ).

The local upper and lower rates translate the signed divergence into measurable slopes of the
generalization performance surface, allowing geometric reasoning in context space. These quanti-
ties bound how far we can move in context space before exceeding ε-loss.

Lemma 9 (Geometric bounds on ε-tolerance set) By Definition 8, for any ε > 0, the ε-tolerance
set satisfies Ŝ−

ϵ (θ) = Bε/Lr(θ)(θ) ⊆ Sε(θ), and if M r(θ) > 0, Sε(θ) ⊆ Bε/Mr(θ)(θ) = Ŝ+
ϵ (θ).

Proof For any θ̃ ∈ Br(θ), D(θ; θ̃) = supπ∈Π(θ)

(
J(θ, π)−J(θ̃, π)

)
≤ Lr(θ)∥θ− θ̃∥2, so ∥θ− θ̃∥ ≤

ε/Lr(θ) implies D(θ; θ̃) ≤ ε. The outer bound follows similarly from the lower rate.

Interpretation. The inner coverage set provides a certified region where the source policy class
meets the tolerance; the outer coverage set bounds how far tolerance can possibly extend. An upper
(resp. lower) bound rate yields an inner (resp. outer) geometric certificate. This result provides
geometric certificates for local generalization: the inner ball certifies a guaranteed region of ε-
performance, while the outer ball bounds how far such performance can extend.

Theorem 10 (Bounds on task-space complexity) Suppose Θ ⊂ Rd is compact with Vol(Θ) <
∞. Assume that for some r > 0, Lmax := supθ∈Θ Lr(θ) < ∞ and Mmin := infθ∈ΘM r(θ) > 0.
Fix ε > 0 with ε/Lr

max ≤ r and ε/M r
min ≤ r. Then the ε-complexity of the task space satisfies

Vol(Θ)

Vol
(
Bε/Mmin

) ≤ Compε ≤ Cd
Vol(Θ)

Vol
(
Bε/Lmax

) , (7)

where Br denotes a d-dimensional Euclidean ball of radius r and Cd is a geometric constant, e.g.,
Cd≤3d for a lattice cover.

Proof The volume of a d-dimensional Euclidean ball of radius r is Vol(Br) = vdr
d, where vd =

πd/2

Γ(d/2+1) . This follows from the Gamma identity
∫
Rde

−∥x∥2dx = πd/2 =
∫∞
0 e−r2Sd−1r

d−1dr =

Sd−1
1
2Γ(

d
2), which implies Sd−1 = 2πd/2

Γ(d/2) and hence vd =
Sd−1

d . Upper bound. Tile the domain Θ

by a lattice with spacing proportional to rin = ε/Lmax. Each lattice point corresponds to a ball Brin ,
which together cover Θ. The number of required centers is therefore upper bounded by the ratio
of volumes, up to a packing constant: Compε ≤ Cd

Vol(Θ)
Vol(Brin )

= Cd
Vol(Θ)

Vol(Bε/Lmax )
. Lower bound.

If N sources suffice to cover Θ, then the covered region is a union of N balls of radius at most
rout = ε/Mmin. By subadditivity of volume, Vol(Θ) ≤ N Vol(Brout) = N Vol(Bε/Mmin

), which
gives the lower bound Compε ≥ Vol(Θ)/Vol(Bε/Mmin

).

Each trained policy certifies a region where it performs well. The ratio of total context-space volume
to the volume of one certified region tells us roughly how many policies are needed. The signed
divergence can be negative when a transferred policy improves performance; the bounds above
use its magnitude through Lr,M r. Although (7) uses aggregated quantities Lmax and Mmin over
the task family, the result is still instance-specific: these constants are computed from the given
contextual system and chosen source families, rather than from universal model-class Lipschitz
constants as in Modi et al. (2018).
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5.4. Greedy Set Cover

Having established that task-space complexity reduces to a set-cover instance, we now describe a
greedy algorithm (Algorithm 1), a practical and tractable algorithm for solving it. The problem (P) is
NP-hard even with information about the oracle O. This method iteratively builds the set of source
tasks, Θsrc, by selecting the source task that covers the greatest number of currently uncovered
contexts at each step. The SELECT procedure can be implemented in various ways, such as greedy
selection with oracle information, random selection to explore the space, or a grid-based approach.

Algorithm 1 Greedy Meta-Algorithm for Set Cover

Require: Context space Θ, ε-tolerance set Sε

1: Initialize uncovered set U ← Θ and source set Θsrc ← ∅
2: while U ̸= ∅ do
3: Select θ∗ ∈ Θ maximizing |Sε(θ) ∩ U |
4: Update U ← U \ Sε(θ

∗)
5: Update Θsrc ← Θsrc ∪ {θ∗}
6: end while
7: return Θsrc

If tolerance sets are constructed naively on a finite grid of size n = |Θ| with at most m source
policies per context, exact cover construction may require on the order of O(n2m) performance
evaluations. The point of the algorithm is once tolerance sets are available, it compresses a dense
candidate set into a smaller deployable subset and reveals the associated task-space complexity.
Theorem 11 (Greedy Algorithm Performance Guarantee) For a discretized context space Θ of
size n = |Θ|, the greedy strategy (Algorithm 1) returns at most f · (lnn+ 1) source tasks, where f
is the optimal value of (P).
Proof Algorithm 1 is exactly the classical greedy algorithm for set cover problem on the universe
Θ. At each step, the algorithm selects the source task θ∗ whose cover Ŝ(θ∗) includes the maximum
number of previously uncovered contexts. The standard approximation guarantee states that greedy
set cover returns at most H(n) times the optimum, where H(n) ≤ lnn + 1 is the nth harmonic
number (Vazirani, 2001). This provides a strong theoretical guarantee on the performance of our
task selection method.

6. Numerical Experiments

In this section, we evaluate the efficiency–how many policies are needed to achieve certified cover-
age versus standard heuristics, accounting for both training and evaluation costs. We validate our
framework on two representative contextual dynamical systems: a continuous-time linear Mass-
Spring-Damper (MSD) system with LQR controllers and a nonlinear CartPole system with deep
RL controllers. For each system, we construct a discretized context space and corresponding policy
sets to evaluate certified coverage, following the procedure detailed in Appendix E.

We evaluate our task selection framework on the number of policies that must be trained. The
primary cost in solving a family of contextual tasks stems from training individual controllers, which
is computationally expensive. Therefore, a crucial metric of success is minimizing the total number
of policies required to cover the entire context space. We compare our greedy algorithm (Algo-
rithm 1) against baselines: a uniform grid selection and a random selection. A key limitation of the
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(a) Mass-Spring-Damper (MSD) (b) CartPole

Figure 1: Coverage vs. training computation. (a) Mass-Spring-Damper with LQR policies; (b)
CartPole with PPO policies. Greedy selection (blue) covers the context space with fewer trained
policies than grid (orange) and random (green). Shaded bands indicate variability across seeds.

uniform grid baseline is its dependence on a pre-selected grid resolution. A coarse grid may fail to
place policies in critical regions, while a fine grid is inefficient. Greedy approach avoids this hyper-
parameter tuning by adaptively placing policies based on the local performance landscape. Figure 1
shows coverage versus compute for MSD and CartPole. Across both systems, greedy selection
achieves a given coverage level using fewer trained policies than uniform or random selection. The
advantage is largest in regions where the performance landscape is anisotropic or exhibits sharp
changes (visible as early steep gains for Greedy). Importantly, the gap persists until near-complete
coverage, indicating that gains do not rely on cherry-picking easy regions.

7. Conclusion

We introduced a performance-centric, directional task dissimilarity—the signed divergence—and
used it to define task-space complexity: the minimum number of context-independent policies
needed to guarantee ε-level performance throughout a context space. Under mild local performance
smoothness, we derived inner/outer geometric certificates and instance-dependent volume bounds.
Casting source selection as set cover leads to a simple greedy algorithm with a harmonic-factor
guarantee that, in practice, achieves the same ε-coverage with substantially fewer trained policies
than uniform or random baselines on both linear and nonlinear systems. The main limitation of the
present work is explicit: exact greedy selection currently relies on oracle or exhaustive tolerance-set
construction. We view this not as a flaw in the complexity definition, but as the natural separation
between a structural theory of task-space complexity and the estimation problem required to make
that theory scalable.

Future work can develop statistically efficient estimators of local loss rates and certified ε-
tolerance sets via a geometric set-cover formulation with LP relaxation and VC-dimension-based
guarantees. One could also extend this framework to multi-task or meta-learning settings, where the
goal is to train a single, adaptable policy rather than a discrete set. An important direction is to inte-
grate certificate-driven selection with multi-task or switching policies inside Π, thereby tightening
complexity further while preserving certifiability.
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Appendix

Appendix A. Proof of Proposition 3

Proof We construct a CMDP family where transition kernels differ maximally at an unreachable
state while the signed divergence is zero.

Consider a finite-horizon MDP with S = {sstart, ssafe, scritical, send}, A = {a1, a2}, horizon
T = 2, and reward 1 iff send is reached. Let the policy class under consideration Π = {π} such that
π(sstart) = a1. The transition dynamics from the start state and action a1 is p(ssafe|sstart, a1) = 1,
which is independent of the context θ. Any other action from sstart, or any action from ssafe, leads
to the terminal state send with probability 1. Therefore, for the policy π, the trajectory is always
sstart

a1−→ ssafe
ak−→ send, yielding a total reward of 1. Let contexts differ only at scritical, with

pθ1(send | scritical, a) = 1 and pθ2(sstart | scritical, a) = 1 for all a. Under θ1, the critical state leads to
termination, while under θ2, it leads back to the start, creating a loop and yielding 0 reward.

Since µπ(scritical) = 0, D(θ1; θ2) = supπ′∈Π(J(θ1, π
′)−J(θ2, π

′)) = J(θ1, π)−J(θ2, π) = 0.
Yet for any a, ∥pθ1(· | scritical, a) − pθ2(· | scritical, a)∥1 = ∥δsend − δsstart∥1 = 2. Moreover, along
a continuous interpolation between θ1 and θ2, the local Lipschitz constant of θ 7→ pθ(· | scritical, a)
can be made arbitrarily large near the switching point while D(θ1; θ2) = 0. This shows that
parameter-based smoothness can be a poor indicator of performance generalization, whereas our
divergence metric correctly identifies that tasks θ1 and θ2 are equivalent from the perspective of the
policy set Π.

Appendix B. Proof of Proposition 4

Proof Let π ∈ Π be an arbitrary policy. The performance is given by J(θ, π) = Es0∼qθ [V
θ
π (s0)].

Assuming a fixed initial state distribution q across contexts, the performance difference is bounded
by the maximum difference in the value function as |J(θ1, π)− J(θ2, π)| ≤ ∥V θ1

π − V θ2
π ∥∞, where

V θ
π is the value function for policy π in context θ. The value function is the unique fixed point of

the Bellman operator T θ
π , defined as (T θ

πV )(s) = rθ(s, π(s)) + γ
∑

s′ p
θ(s′|s, π(s))V (s′). Using

the fixed-point property, V θ
π = T θ

πV
θ
π , we analyze the difference as: ∥V θ1

π − V θ2
π ∥∞ = ∥T θ1

π V θ1
π −

T θ2
π V θ2

π ∥∞ ≤ ∥T θ1
π V θ1

π −T θ1
π V θ2

π ∥∞+∥T θ1
π V θ2

π −T θ2
π V θ2

π ∥∞. Using the γ-contraction of T θ1
π with

respect to the infinity norm, rearranging gives:

(1− γ)∥V θ1
π − V θ2

π ∥∞ ≤ ∥T θ1
π V θ2

π − T θ2
π V θ2

π ∥∞. (8)

Now, we bound the term on RHS. For any state s:∣∣∣(T θ1
π − T θ2

π )V θ2
π (s)

∣∣∣ = ∣∣∣ rθ1(s, a)− rθ2(s, a) + γ
∑

s′
(
pθ1(s′|s, a)− pθ2(s′|s, a)

)
V θ2
π (s′)

∣∣∣
≤

∣∣rθ1(s, a)− rθ2(s, a)
∣∣+ γ

∣∣∑
s′
(
pθ1(s′|s, a)− pθ2(s′|s, a)

)
V θ2
π (s′)

∣∣ .
(9)

where a = π(s). Using the smoothness assumptions from Definition 2 and the fact that the
value function is bounded by ∥V θ2

π ∥∞ ≤ Rmax
1−γ , where Rmax = supθ,s,a |rθ(s, a)|:

|(T θ1
π V θ2

π )(s)− (T θ2
π V θ2

π )(s)| ≤ Lrϕ(θ1, θ2) + γ∥pθ1(·|s, a)− pθ2(·|s, a)∥1∥V θ2
π ∥∞

≤ Lrϕ(θ1, θ2) + γLpϕ(θ1, θ2)
Rmax
1−γ . (10)
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Taking the supremum over all states s, we get:

∥T θ1
π V θ2

π − T θ2
π V θ2

π ∥∞ ≤ (Lr +
γLpRmax

1−γ )ϕ(θ1, θ2). (11)

Substituting this back into Equation 8:

∥V θ1
π − V θ2

π ∥∞ ≤ ( Lr
1−γ +

γLpRmax

(1−γ)2
)ϕ(θ1, θ2). (12)

Then, by definition, Lmodel =
Lr
1−γ +

γLpRmax

(1−γ)2
. We have shown that for any policy π, |J(θ1, π) −

J(θ2, π)| ≤ Lmodelϕ(θ1, θ2). Since this holds for all π ∈ Π, it must also hold for the supremum:

Lperf(Π) = sup
π∈Π

sup
θ1 ̸=θ2

|J(θ1,π)−J(θ2,π)|
ϕ(θ1,θ2)

≤ Lmodel. (13)

Appendix C. Why directionality matters

Generalization gap is inherently directional by definition. Notice that reversing the arrow asks a
different question because the policy you deploy has been trained somewhere else. Any symmetric
metric used in standard heuristic symmetric (e.g., Euclidean/Wasserstein on parameters or rewards)
cannot encode this thus can misguide source selection. Our signed divergence is asymmetric by
design to capture this effect.

Inherent Asymmetry of Signed Divergence. For exposition, fix a common policy set Π. Let
fΠ(π) := J(θ1, π)−J(θ2, π). Then, D(θ1; θ2) = supπ∈Π fΠ(π), D(θ2; θ1) = supπ∈Π{−fΠ(π)} =
− infπ∈Π fΠ(π). Unless fΠ(π) takes the same value for all π (a degenerate case), we have sup fΠ ̸=
− inf fΠ, hence D(θ1; θ2) ̸= D(θ2; θ1). In practice, the asymmetry can be even stronger because
the admissible sets Π(θ1) and Π(θ2) need not coincide.

Toy CMDP illustrating directionality. Consider a one-step CMDP with start state s0 and
terminal states sA, sB . Action aA (resp. aB) deterministically reaches sA (resp. sB). Let Π =
{πA, πB}where πA(s0) = aA and πB(s0) = aB . Rewards depend on context: at θ1, (r(sA), r(sB)) =
(10, 0); at θ2, (5, 8). Then, fΠ(πA) = 10 − 5 = 5, fΠ(πB) = 0 − 8 = −8, so D(θ1; θ2) =
sup{5,−8} = 5 while D(θ2; θ1) = − inf{5,−8} = 8. The generalization gap differs by direction.

Misguided source selection under symmetric distances. Let ε ∈ (5, 8] in the toy CMDP
above. Any chooser that relies only on a symmetric distance δ (e.g., Euclidean/Wasserstein on
rewards/parameters) is indifferent between θ1 and θ2 since δ(θ1, θ2) = δ(θ2, θ1), and may select θ2
as the source. This fails the tolerance requirement because D(θ2; θ1) = 8 > ε, i.e., θ1 /∈ Sε(θ2). In
contrast, selecting θ1 succeeds since D(θ1; θ2) = 5 ≤ ε, so θ2 ∈ Sε(θ1).

Appendix D. Discretization Details

In practice, we solve the set cover problem on a finite grid of points, Θgrid ⊆ Θ, rather than the
entire continuous space. However, covering all points on this grid does not automatically guarantee
that the spaces between the grid points are also covered, introducing a potential discretization gap.
To address this gap while preserving the original guarantee, we can adjust our ε-tolerance set. For
instance, if the set has the shape of a ball, we effectively shrink the radius of our balls to create a
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buffer. Let δgrid be the resolution of our grid. To ensure a cover for the grid translates to a valid
cover for the entire continuous space, we adjust the radius by δgrid. For instance, consider a d-
dimensional hypercubic grid with uniform spacing h. The point furthest from any grid node is the
center of a hypercube, which gives a maximum discretization error of δgrid = h

√
d

2 . By using an
adjusted radius, radj = max{0, r − δgrid}, we ensure that if a grid point is covered, the entire region
around it up to the next grid point is also covered. For notational simplicity, we will use Θ to refer
to the relevant finite context sets, with the understanding that the discretization gap bridging step is
implicitly handled.

Proposition 12 (Grid-to-continuum cover via radius shrink) Let Θgrid be a d-dimensional hy-
percubic grid with spacing h over Θ. If each grid point θ is covered by a ball Br(θ), then the union
of shrunken balls Br−δgrid(θ) with δgrid =

√
d
2 h covers all of Θ (interpret negative radii as empty).

Proof Any θ̃ ∈ Θ lies within distance at most δgrid of some grid node. If that node is in Br(θ), then
θ̃ ∈ Br−δgrid(θ) by the triangle inequality.

Appendix E. Experimental Setup

Mass-Spring-Damper system with LQR controller The MSD system operates in a gravity-free
environment and consists of a mass m connected to a spring with stiffness k and a damper with
damping coefficient c, connected in parallel. We consider the system variation with different mass
parameters. The dynamics of the Mass-Spring-Damper system are governed by Newton’s second
law and are described by the following equation:

mẍ(t) + cẋ(t) + kx(t) = F (t), (14)

where x(t) represents the displacement of the mass from its equilibrium position, ẋ(t) is its velocity,
and ẍ(t) denotes acceleration. The term F (t) is the external force acting on the mass.

m

k

c F (t)

x(t)

(a) Mass-Spring-Damper System. (b) CartPole System.

Figure 2: Diagrams of two dynamical systems.

Defining the state vector x(t) and input u(t) as x(t) =
[
x(t) ẋ(t)

]⊤ and u(t) =
[
0 F (t)

]⊤,

the state-space equations are ẋ(t) = A(k,m,c)x(t) + B(k,m,c)u(t) with A(k,m,c) =

[
0 1

− k
m − c

m

]
and B(k,m,c) =

[
0 1

m

]⊤, where x(t) represents the displacement of the mass from its equilibrium
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position, ẋ(t) is its velocity, and F (t) is the external force acting on the mass. The output equation
(measuring displacement) is y(t) = x(t) = Cx(t) =

[
1 0

]
x(t). In our CMDP formulation for the

MSD system, the context vector is defined by the spring stiffness and the damping coefficient, i.e.,
θ = [k, c]⊤, while the mass is held constant at m = 1.0. The context space Θ is a two-dimensional
grid where both k and c range from 0.1 to 8.0, discretized into 100 points each. We fix the initial
condition distribution and rollout horizon to isolate context effects on performance.

For each system, an optimal controller can be derived using LQR, which minimizes the cost
function J =

∫∞
0

(
x⊤(t)Qx(t) + u⊤(t)Ru(t)

)
dt, where Q and R are positive semi-definite and

positive definite matrices, respectively, used to weight state and control efforts. The LQR controller
is computed by solving the Continuous-time Algebraic Riccati Equation (CARE): A⊤P + PA −
PBR−1B⊤P + Q = 0, where P is the unique positive definite solution to CARE. The optimal
gain matrix K∗ is then given by K∗ = R−1B⊤P. For this experiment, we set the LQR weighting
matrices to Q = diag(10, 4) and R = [1], penalizing the displacement more heavily than velocity.
All controllers are evaluated under the same quadratic criterion to maintain comparability across
contexts. To define the policy set Π(θ) for a given context θ, we model the variability inherent
in practical controller synthesis. Instead of using only the single optimal gain K∗, we create an
ensemble of controllers by adding Gaussian noise to the optimal gain. Specifically, for each context
θ, the policy set is defined as Π(θ) = {K1,K2, . . . ,KN} = {K∗ + ∆i}Ni=1, where each ∆i is a
random perturbation sampled from a zero-mean normal distribution.

CartPole with DRL controller To further validate our algorithm, we examine the classic CartPole
system with DRL controller as a test case. We use CARL, a CMDP variant of the standard OpenAI
Gym implementation (Benjamins et al., 2023). In this scenario, we consider task variations by
varying the pole length and the mass of cart as context parameters. The objective is to apply forces to
the cart to balance the pole in an upright position while keeping the cart within the track boundaries.
For the CartPole CMDP, the context vector is θ = [pole length, cart mass]⊤. The context space
Θ is a 20 × 20 grid where the pole length ranges from 0.25 to 5.0 and the cart mass ranges from
0.5 to 10.0. For each MDP, we train the policy for different random seeds using Proximal Policy
Optimization (PPO) (Schulman et al., 2017) with Stable Baseline 3 (Raffin et al., 2021), to create
the policy set Π. The performance J(θ, π) is the expected cumulative reward (balancing time) over
an episode. This environment serves as a benchmark for nonlinear systems where the dynamics are
not explicitly known. For all policies, we evaluate J(θ, π) as the expected episodic return under the
same seeds used for certification estimates.
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