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Reinforcement learning (RL) is essential for adaptive decision-making, e.g., robust Meta-RL and domain randomization
(DR), and efficient post-training of large language models (LLMs), where tasks are commonly structured as Markov
decision processes or prompts. A central bottleneck in all these settings is the cost of agent-environment interactions
required for task selection and policy optimization. Model predictive task sampling (MPTS) has emerged as a
promising approach to improve sample efficiency by querying informative tasks via a risk predictive model (RPM)
trained on optimization history. However, existing RPMs suffer from two failure modes: (i) sparse optimization
histories, which limit RPMs’ generalization across the task space, and (ii) a one-step lag in risk approximation, which
causes biased difficulty estimation as the policy evolves. This work formalizes these failure modes, derives lagged-risk
decompositions that expose the resulting temporal bias, and recasts risk prediction as an in-context sequence modeling
problem. The developed RPM integrates a one-step look-ahead mechanism with a temporal-weighted sliding window
to mitigate data non-stationarity and scarcity, without requiring additional rollouts. Empirically, our approach yields
more reliable difficulty estimates and consistent performance gains across robust Meta-RL, DR, and prompt curriculum
RL post-training of LLMs.
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1 Introduction

Over the past decade, deep reinforcement learning (RL) has achieved remarkable progress in complex sequential
decision-making [1–5]. This work focuses on two settings where RL operates over structured task distributions. (i) In
robotics and physical control, agents must adapt to new Markov decision processes (MDPs) in zero-shot or few-shot
scenarios under safety constraints [6, 7]. Robust domain randomization (DR) [8] and robust meta-reinforcement
learning (Meta-RL) [9] address this by optimizing over MDP distributions and prioritizing risky environments. (ii)
In foundation model post-training, RL has become central to incentivizing reasoning in large language models
(LLMs) [10, 11], where identifying informative prompts and rollouts is critical for stable optimization [12–15].
Optimization over prompts further requires policies to explore complex logical search spaces through long-horizon
token generation.

Evaluation Bottlenecks in Task Prioritization. Despite their different objectives, both settings share the same
bottleneck: expensive policy evaluation. In robust DR and Meta-RL, assessing task risk requires extensive agent-
environment trajectories on selected tasks [16–19]; in LLM post-training, each update requires long Chain-of-Thought
(CoT) rollouts [20], making prompt difficulty evaluation costly [12, 13, 21]. Thus, exhaustive task evaluation is
impractical, motivating efficient task prioritization.
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Conditional Agent-Environment Interactions via Model Predictive Strategies. Model predictive task sampling
(MPTS) [22] and its variants [13, 14, 23, 24] reduce unnecessary interactions by using optimization histories, e.g.,
task or prompt identifiers paired with losses, to train an RPM that approximates task risk online. This enables
conditional interactions: policy updates target selected tasks without exhaustive rollouts. However, RPM fidelity
remains underexplored despite directly governing task selection and policy evolution. Vanilla RPMs [22, 23] suffer
from two key limitations: (i) temporal lag bias, where outdated policy snapshots misrepresent the current risk
landscape; and (ii) sparse-history generalization, where limited interaction data restricts generalization across the task
space. Analogous issues appear in prompt curriculum learning for LLM post-training, e.g., PCL [14], where temporal
lag and sparse evaluations distort curricula and reduce sample efficiency.

Enhancing Risk Predictive Models via In-Context Sequence Modeling. We analyze vanilla RPMs and quantify
extrapolation errors caused by temporal lag and data scarcity under small task batches. To address these issues, we
propose two remedies: (i) a one-step look-ahead mechanism that conditions risk prediction on recent optimization
signals to reduce extrapolation bias; and (ii) a temporal-weighted sliding window that augments training with recent
task trajectories while exponentially downweighting stale data. Together, they instantiate an in-context model of the
evolving task risk function, improving prediction under non-stationary policy dynamics with negligible additional
rollout cost.

Primary Contributions and Empirical Findings. Focusing on RPM design for the MPTS family, our contributions
are two-fold:

1. Theoretical Analysis of MPTS Vulnerabilities: We derive a diagnostic lagged-risk decomposition that exposes
finite-sample reconstruction error and a policy-update-induced O(𝜂) mismatch, explaining why interpolation-based
RPMs can destabilize task-risk rankings.

2. In-Context Modeling of the Evolving Risk Function: We introduce in-context RPM (ICRPM) to characterize
optimization histories, with one-step look-ahead prediction as the core design and a temporal-weighted sliding
window as lightweight data reuse to reduce extrapolation bias and alleviate data scarcity without modifying the
policy optimization loop.

Experiments within the MPTS framework show that ICRPM improves sample efficiency and tail-risk robustness on
robust DR and Meta-RL benchmarks, and accelerates curriculum-based RL post-training for LLMs, demonstrating
better generalization across continuous-control and LLM reasoning tasks.

2 Research Background

Notation and Setup. We consider a unified task space T that encompasses both continuous control and LLM
post-training regimes. Each task τ ∈ T is formalized as a MDP [1]. In DR and Meta-RL, τ is represented as a
continuous descriptor in R𝑑 , whereas in reinforcement learning with verifiable rewards (RLVR), τ corresponds to a
discrete reasoning prompt. At optimization step 𝑡, the agent is parameterized by θ𝑡 ∈ Θ, representing either a control
policy or an autoregressive model 𝜋θ𝑡 .

Over the course of training adaptive decision-makers or RL finetuning LLMs, we sample a batch of tasks T𝐵𝑡 =

{τ𝑡 ,𝑖}𝐵𝑖=1 ⊂ T for the agent to interact. Let L : Θ × T → R denote the policy-dependent risk, and define
ℓ𝑡 (τ ) := L(θ𝑡 , τ ) as the risk of policy 𝜋θ𝑡 on task τ at iteration 𝑡. Concretely, ℓ𝑡 (τ ) can be the negative episodic
return in control settings, ℓ𝑡 (τ ) = −E𝜋θ𝑡

[∑𝐻−1
𝑖=0 𝜆̄𝑖𝑟τ

𝑡 ,𝑖

]
under post-adapted policies 𝜋θ𝑡 , or the expected penalty

in RLVR, e.g., ℓ𝑡 (τ ) = 1 − E[𝑟τ𝑡 ]. In the MPTS setup [13, 14, 22, 23], the per-iteration optimization batch is
𝐻𝑡 = {(τ𝑡 ,𝑖 , ℓ𝑡 (τ𝑡 ,𝑖))}𝐵𝑖=1, and the accumulated form 𝐻0:𝑡 =

⋃𝑡
𝑘=0 𝐻𝑘 tracks the temporal optimization history. We

further denote the space of complete historical trajectories by H and define the RPM as a functional ℓ̂𝑡 : T ×H→ R,
which approximates the non-stationary task risk landscape conditioned on 𝐻0:𝑡 .
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General MPTS Pipeline. MPTS [14, 22, 23] executes a predict-then-select pipeline, which can instantiate both active
prompt selection and robust task sampling. For prompt curriculum learning in RLVR [13, 14], the RPM predicts the
sampled success rate 𝜌̂𝑡τ , and prompts with intermediate difficulty, i.e., those close to a target threshold 𝜌∗, typically
around 0.5, are preferred [25]. For robust task sampling, the same rule is applied to the predicted risk by replacing 𝜌̂𝑡τ
with ℓ̂𝑡 (τ ) and setting 𝜌∗ = max

τ ∈T𝐵̂
𝑡
ℓ̂𝑡 (τ ), which encourages near-worst-case task selection.

At each iteration, MPTS proceeds in three steps: 1⃝ Online RPM update. The RPM is refined with the latest history
𝐻𝑡−1 by maximizing the likelihood of risk prediction [14] or its approximation [22], e.g., the ELBO in Eq. (2). 2⃝
Amortized evaluation. Let 𝐵̂ denote candidate-pool size, a candidate pool T 𝐵̂𝑡 ∼ 𝑝(τ ) is sampled, and the forward
passes through the RPM produce predictive risk for all candidate tasks. 3⃝ Subset selection. The training task batch is
constructed by selecting 𝐵 tasks with predicted risk closest to the target threshold:

Amortized Train RPM: max
ψ∈Ψ,ϕ∈Φ

LRPM (ψ,ϕ;𝐻𝑡−1), (1a)

Online Task Evaluation: 𝑝ψ (ℓ | τ̂𝑖 , 𝐻𝑡−1;θ𝑡 )
MC−−→

{
𝜌̂𝑡τ̂𝑖 , 𝑚(ℓ𝑖), 𝜎(ℓ𝑖)

} 𝐵̂
𝑖=1
, (1b)

Active Subset Selection: T𝐵𝑡 = arg top- 𝐵
τ ∈T𝐵̂

𝑡

(
−


𝜌̂𝑡τ − 𝜌∗

2

2

)
(1c)

In Eq. (1b), 𝑚(ℓ𝑖) and 𝜎(ℓ𝑖) are the predictive mean and standard deviation of the task outcome estimated via Monte
Carlo sampling, which are then mapped to the acquisition scalar 𝜌̂𝑡τ̂𝑖 to quantify task priority. With the queried batch
in Eq. (1c), the policy model 𝜋θ is accordingly updated in the next iteration, e.g., θ𝑡+1 = θ𝑡 − 𝜂 1

𝐵

∑𝐵
𝑏=1 ∇θℓ𝑡 (τ𝑏) in

DR. By repeating these steps for 𝑇 rounds, MPTS achieves either prompt curriculum learning in LLMs or robust
Meta-RL and DR.

RPM and Variational Inference. Existing MPTS frameworks typically instantiate the RPM as a VAE-based latent
generative predictor [26], where a latent state z𝑡 summarizes historical task-risk observations. Using streaming
variational inference [27, 28], the RPM maximizes the per-step ELBO:

GELBO (ψ,ϕ) = E𝑞ϕ (z𝑡 |𝐻𝑡 )

[
𝐵∑︁
𝑖=1

log 𝑝ψ (ℓ𝑡 (τ𝑡 ,𝑖) |τ𝑡 ,𝑖 , z𝑡 )
]
− 𝛽KL

(
𝑞ϕ (z𝑡 |𝐻𝑡 ) | |𝑞ϕ̄ (z𝑡 |𝐻𝑡−1)

)
, (2)

where ϕ̄ represents the parameters from the previous iteration, kept fixed to provide a stable prior. For task evaluation,
RPMs use Monte Carlo forward passes to estimate 𝑝(ℓ |τ , 𝐻0:𝑡 ;θ𝑡 ) ≈ E𝑞ϕ (z𝑡 |𝐻𝑡 )

[
𝑝ψ (ℓ |τ , z𝑡 ;θ𝑡 )

]
. These predictions

are then used by the acquisition rule in Eq. (1c) for robust [22, 23] or curriculum optimization [13, 14]. Thus, vanilla
RPMs rely on generalization at θ𝑡 to approximate task difficulty after the policy update to θ𝑡+1, creating the temporal
mismatch analyzed next.

3 From Theoretical Investigation to Practical Enhancement

This section analyzes the theoretical bottlenecks of RPMs, introduces the In-Context Predictive Model (ICRPM), and
discusses its implementation within MPTS.

3.1 Vulnerabilities of Vanilla RPM

Although MPTS provides a sample-efficient surrogate for task risk estimation, the vanilla RPM overlooks a common
failure mode, i.e., the continual evolution of both the policy and the task risk landscape induces rank-flipping (Fig. 1)
in task risk that cannot be corrected post-hoc.

Instability of Task Risk Rankings. MPTS relies on accurate task-risk ranking, but task risk is policy-dependent: after
updating from θ𝑡 to θ𝑡+1, the ordering induced by ℓ𝑡 (τ ) may differ from that of ℓ𝑡+1 (τ ). As shown in Fig. 1, this
policy-induced drift creates a non-stationary difficulty landscape. Prior analysis [22] shows that ranking stability
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Figure 1 Task Risk Distribution Shift over Iterations.
Using the risk generalization results at θ𝑡 tends to cause
the rank-flipping at θ𝑡+1, i.e., sgn[ℓ𝑡 (τ𝑖) − ℓ𝑡 (τ 𝑗 )] ≠
sgn[ℓ𝑡+1 (τ𝑖) − ℓ𝑡+1 (τ 𝑗 )].

requires sufficiently small learning rates and smooth loss landscapes, conditions often violated in practice. Hence,
even a perfectly accurate RPM at θ𝑡 may fail to preserve the correct ranking at θ𝑡+1, which we call the task risk
distribution shift.

Lagged Risk Prediction and Reconstruction Bound. The vanilla RPM, a VAE-based risk generative model [22, 23],
is trained on the latest history batch 𝐻𝑡 of size 𝐵 in each per-step update, where supervision targets are evaluated at
the latest yet lagged parameter θ𝑡 . The induced structured risk distribution shift cannot be resolved by increasing
sample size alone: even under standard capacity and smoothness assumptions, the prediction error includes a temporal
mismatch term induced by the policy update from θ𝑡 to θ𝑡+1.

Theorem 1 (Per-step Lagged Prediction Bound for Vanilla RPMs). Assume that ℓ(τ ) = L(θ, τ ) ∈ [0, 𝑀] for all
θ ∈ Θ, τ ∈ T, and that ℓ(τ ) is 𝐿-Lipschitz in θ. The policy update uses a normalized average loss computed by
i.i.d. samples and ∥∇θℓ𝑡 (τ𝑖)∥ ≤ 𝐺. Let ℓ̂ψ,ϕ,𝑡 (τ ) denote the predictive risk function induced by the vanilla RPM
at iteration 𝑡. Define 𝜖 rec

app := infψ,ϕ Eτ∼𝑝
[ (
ℓ̂ψ,ϕ,𝑡 (τ ) − ℓ𝑡 (τ )

)2]
. Then, for any 𝛿 ∈ (0, 1), with probability at least

1 − 𝛿 over the sampling of 𝐻𝑡 ,

Eτ∼𝑝
[
|ℓ̂𝑡 (τ ) − ℓ𝑡+1 (τ ) |

]
≤

√︃
𝜖 rec

app + 𝜖 rec
gen (𝐵, 𝛿)︸                 ︷︷                 ︸

1⃝Reconstruction Approximation Error

+ 𝐿𝜂𝐺︸︷︷︸
2⃝Temporal Lagging Error

. (3)

If the reconstruction loss class Grec = {(τ , 𝑦) ↦→ (ℓ̂ψ,ϕ,𝑡 (τ ) − 𝑦)2 : ψ ∈ Ψ,ϕ ∈ Φ} has Rademacher complexity

ℜ𝐵 (Grec) and is bounded by 𝑀2, then 𝜖 rec
gen (𝐵, 𝛿) = 4ℜ𝐵 (Grec) + 2𝑀2

√︃
ln(2/𝛿 )

2𝐵 .

Theorem 1 decomposes the lagged prediction error of vanilla RPMs into 1⃝ finite-sample reconstruction and
approximation error from sparse optimization histories, and 2⃝ policy-update-induced temporal mismatch from
applying risk estimates at θ𝑡 to task selection under θ𝑡+1. Thus, interpolation-based vanilla RPMs [14, 22] incur an
O(𝜂) lagging bias, which may distort task-risk rankings and weaken task-space generalization.

3.2 Context-based Extrapolative Risk Prediction

Having identified temporal misalignment and data scarcity as the main limitations, we introduce ICRPM with two
components: (i) a look-ahead mechanism that conditions risk prediction on recent optimization context; and (ii)
temporal-weighted trajectory augmentation with exponential decay weighting to improve efficiency under tight
sampling budgets.

In-Context Look-Ahead Risk Estimation. To overcome the single-step temporal misalignment in interpolation-based
evaluation, ICRPM adopts an extrapolative formulation 𝑝𝜙 (ℓ𝑡+1 (τ ) | τ , 𝐻𝑡 ), where the latest batch 𝐻𝑡 serves as the
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Figure 2 Left: The risk landscape evolves from θ𝑡 to θ𝑡+1, with historical prompt-loss pairs 𝐻𝑡 modeling temporal risk dynamics
and predicting future risk using an attention mechanism. Right: The Transformer-based ICRPM tokenizes prompt-loss sequences
with a target prompt at time 𝑡 + 1, and a regression head estimates the future risk ℓ̂𝑡+1 by minimizing the discrepancy with
ground-truth ℓ𝑡+1 through gradient optimization.

inference-time optimization context. By directly targeting the future policy state θ𝑡+1, ICRPM predicts next-step
task risk rather than reconstructing the lagged risk under θ𝑡 , thereby alleviating the O(𝜂) temporal bias identified in
Theorem 1.

Exponentially Decayed SlidingWindow Augmentation. The sliding window is a data-reuse mechanism for training
the look-ahead predictor under limited task evaluations. ICRPM maintains the𝑊 most recent history batches and

trains on consecutive context–target pairs
{{
(τ𝑡−𝑘+1,𝑖 , ℓ𝑡−𝑘+1(τ𝑡−𝑘+1,𝑖), 𝐻𝑡−𝑘)

}𝐵
𝑖=1

}𝑊
𝑘=1

, weighted by 𝛾𝑘 . This reuse
mitigates the sparse-history issue in Theorem 1: recent batches provide more training pairs, while exponential decay
gives less weight to outdated histories.

Optimization Objective. Combining the look-ahead formulation and historical augmentation, ICRPM minimizes a
temporal-weighted negative log-likelihood over in-context prediction targets:

min
ϕ

J(ϕ) = −
𝑊∑︁
𝑘=1

𝛾𝑘

(
1
𝐵

𝐵∑︁
𝑖=1

ln 𝑝ϕ
(
ℓ𝑡−𝑘+1 (τ𝑡−𝑘+1,𝑖) |τ𝑡−𝑘+1,𝑖 , 𝐻𝑡−𝑘

))
(4)

where ϕ denotes model parameters,𝑊 is the look-back window and 𝛾 ∈ (0, 1] controls temporal decay. The objective
in Eq. (4) trains ICRPM on already observed one-step transitions: at round 𝑡, it uses consecutive history pairs
𝐻𝑠−1→ 𝐻𝑠 with 𝑠 ≤ 𝑡 from the buffer. The unobserved batch 𝐻𝑡+1 is not used when selecting T𝐵

𝑡+1. Only after the
selected batch is evaluated, the resulting 𝐻𝑡+1 is appended to the buffer and used as a target in later RPM updates. At
the inference stage, i.e., task evaluation under the coming θ𝑡+1, ICRPM takes in the latest batch 𝐻𝑡 as the context set
C𝑡 and the candidate identifier τ ∈ T 𝐵̂

𝑡+1 to predict risk ℓ̂𝑡+1 (τ ).
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Algorithm 1: ICRPM Training & Prompt and Robust Predictive Sampling (PPS and RPS)
Input: Task/Prompt prior 𝑝(τ ); history buffer S = {𝐻𝑖}; ϕ; 𝐵, 𝐵̂;𝑊 ; 𝛾; 𝛼; mode ∈ {PPS, RPS}; target 𝜌∗.
Output: Selected batch T𝐵

𝑡+1

// Online ICRPM Optimization

for each new batch 𝐻𝑡 do
// FIFO

S← S ∪ {𝐻𝑡 };
if |S| > 𝑊 + 1 then Drop oldest batch in S;
J(ϕ) ← 0;
for 𝑘 = 1 to min(𝑊, |S| − 1) do
// Context vs. look-ahead

𝐻𝑐𝑡𝑥 , 𝐻𝑡𝑔𝑡 = 𝐻𝑡−𝑘 , 𝐻𝑡−𝑘+1;
L𝑘 ← − 1

𝐵

∑
𝑗 ln 𝑝ϕ (𝑦𝑡𝑔𝑡, 𝑗 | τ𝑡𝑔𝑡, 𝑗 , 𝐻𝑐𝑡𝑥);

J(ϕ) += 𝛾𝑘L𝑘 ;

// Update ϕ by minimizing J(ϕ)
ϕ = ϕ - 𝛼∇ϕJ(ϕ);

// Predictive Task/Prompt Selection

Sample candidate pool:
T𝐵̂
𝑡+1 = {τ̂𝑡+1,𝑖}𝐵̂𝑖=1 ∼ 𝑝(τ );

for 𝑖 = 1 to 𝐵̂ do
// One-step look-ahead

𝑦̂ 𝑡+1
𝑖

= 𝐸𝑝ϕ (𝑦|τ̂𝑡+1,𝑖 ,𝐻𝑡 ) [𝑦];
if mode = PPS then
𝑐∗
𝑡+1 ← 𝜌∗ ; // 𝑦̂ is success rate

else
𝑐∗
𝑡+1 ← maxτ 𝑦̂ 𝑡+1

τ ; // 𝑦̂ is risk

T𝐵
𝑡+1 = arg top- 𝐵

τ ∈T𝐵̂
𝑡+1

(
−


𝑦̂ 𝑡+1

τ − 𝑐∗
𝑡+1



2
2

)
;

return T𝐵
𝑡+1

First-order interpretation. The look-ahead objective in Eq. (4) aligns RPM supervision with the policy state used
for task selection. The following proposition gives a lightweight formalization: if recent optimization history enables
the in-context predictor to capture the local risk drift, then the next-step prediction error is controlled by a context
approximation term and a second-order smoothness residual.

Proposition 2 (Look-ahead reduces temporal mismatch). Let 𝚫𝑡 = θ𝑡+1 − θ𝑡 with ∥𝚫𝑡 ∥ ≤ 𝜂𝐺, and assume that
ℓ(θ, τ ) is 𝛽-smooth in θ. For analysis, define the first-order look-ahead risk as 𝑚𝑡 (τ ) = ℓ𝑡 (τ ) + ∇θℓ(θ𝑡 , τ )⊤𝚫𝑡 . If
the ICRPM predictor satisfies Eτ∼𝑝 |ℓ̂IC

𝑡+1 (τ ) − 𝑚𝑡 (τ ) | ≤ 𝜖IC, then

Eτ∼𝑝
[
|ℓ̂IC
𝑡+1 (τ ) − ℓ𝑡+1 (τ ) |

]
≤ 𝜖IC +

𝛽

2
𝜂2𝐺2. (5)

This result provides a first-order explanation for the advantage of look-ahead risk prediction. A lagged RPM estimates
ℓ𝑡 for task selection under θ𝑡+1 and therefore retains the 𝑂 (𝜂) temporal mismatch identified in Theorem 1. In contrast,
ICRPM directly targets the next-step risk: when the context predictor captures the local risk drift, the leading lagging
bias is replaced by the in-context approximation error 𝜖IC and a second-order residual.

3.3 Implementation and Neural Architecture

Algorithm 1 summarizes the implementation; the selected batch is passed to downstream optimizers such as robust
Meta-RL, DR, or LLM RLVR. ICRPM performs the extrapolative formulation 𝑝(ℓ |𝜏, 𝐻𝑡 ;θ𝑡+1). At each iteration, the
context set C𝑡−1 = {(τ𝑖 , ℓ𝑡−1 (τ𝑖))}𝐵𝑖=1 consists of task-risk pairs evaluated under θ𝑡−1, while each training target is a
pair (τ , ℓ𝑡 (τ )) under the last policy state θ𝑡 . This yields 𝐵 supervised training episodes per iteration, one for each
𝑗 ∈ [𝐵], without any additional environment interaction.

Risk Sequence Tokenization and Cross-Attention. ICRPM has a simple design. As illustrated in Fig. 2, we tokenize
the task-risk pairs and adopt the Transformer as the default neural architecture to capture the correlation between the
target and past risk sequences. This way encodes the context into a permutation-invariant representation and produces
𝑝(ℓ |𝜏, 𝐻𝑡 ;θ𝑡+1) via cross-attention.
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4 Results and Analysis

This section empirically examines ICRPM’s influence within MPTS. Motivated by the failure modes diagnosed in
Section 3.1, the experiments are designed to answer two Research Questions (RQs):

1. Do extrapolative RPMs enhance task evaluation reliability over iteration?
2. How does task evaluation reliability influence performance in downstream applications?

We track Spearman Rank Correlation (SRC) between predicted task difficulty and ground-truth task risk as a diagnostic
measure of rank reliability, and report CVaR𝛼 [29] for robust optimization scenarios and test average performance for
RLVR. Full experimental details are provided in Appendix E.

Benchmarks and Baselines. We evaluate ICRPM on few-shot sinusoid regression, Meta-RL, and DR, and LLM
post-training via RLVR. (i) For regression and continuous-control, we retain the standard MPTS protocol [22], e.g.,
the same task distribution, batch size, candidate pool, selection budget, and downstream optimizer; and baselines
include ERM [30], GDRM [31], DRM [17, 32], OHTM [33], MPTS [22]. (ii) For LLM RL post-training, we adopt
the curriculum-based setup of [14], and baselines are uniform sampling and SoTA predictive sampling methods such
as PCL [14], GRESO [34], and MoPPS [13]. For both cases, ICRPM replaces only the interpolation-based RPM with
a parameter-matched context-conditioned one-step extrapolative predictor.

4.1 Robust Few-Shot Sinusoid Regression

We first validate ICRPM on the classic few-shot sinusoid regression benchmark [9], which provides a controlled
setting to isolate the effect of improved task risk estimation. Tasks are parameterised by amplitude and phase, and
MAML is used as the meta-learning backbone.
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Figure 3 Few-shot sinusoid regression results (10 Runs, Mean ± Standard Error of the Mean (SEM)). From left to right:
(a) validation CVaR0.9 MSE curves during meta-training; (b) validation average MSE curves during meta-training; (c) SRC of
predicted vs. ground-truth difficulty during training; (d) meta-testing CVaR𝛼 MSE at multiple robustness levels. ICRPM (ours)
achieves consistently lower tail-risk error and maintains higher SRC throughout training.

Few-Shot Regression Analysis. In Fig. 3, ICRPM consistently outperforms all baselines. It achieves lower average
MSE (Fig. 3b) and CVaR0.9 MSE (Fig. 3a) with faster convergence, while maintaining higher SRC with ground-truth
task risk throughout training (Fig. 3c). At meta-test time (Fig. 3d), ICRPM achieves the lowest CVaR𝛼 MSE across all
𝛼 ∈ {0.5, 0.7, 0.9}, suggesting that more reliable task prioritisation is accompanied by stronger tail-task generalization.
Vanilla MPTS underperforms in both convergence stability and worst-case performance.

4.2 Robust Meta-RL and Domain Randomization

We evaluate ICRPM on Meta-RL over three MuJoCo environments [9, 35] and zero-shot DR on Ergo-Reacher and
Lunar-Lander [36]. Both settings require generalisation across a distribution of MDPs parameterised by continuous
task identifiers, where robustness to tail or out-of-distribution tasks is critical.

7



0.0 1.0 2.0
Agent Steps (×106)

100

0

100

200

C
Va

R
0.

9 
R

et
ur

n

LunarLander

0.0 1.0 2.0
Agent Steps (×106)

50

60

70

80 ErgoReacher

0 200 400
Iteration

400

300

200

HalfCheetahVel

0 200 400
Iteration

300

200

100

0
Walker2dVel

0 200 400
Iteration

100

80

60

40

20
ReacherPos

0.0 1.0 2.0
Agent Steps (×106)

100

0

100

200

300

Av
er

ag
e 

R
et

ur
n

0.0 1.0 2.0
Agent Steps (×106)

70

75

80

85

90

0 200 400
Iteration

250

200

150

0 200 400
Iteration

100

50

0

50

0 200 400
Iteration

80

60

40

20

0.0 1.0 2.0
Agent Steps (×106)

0.0

0.2

0.4

Sp
ea

rm
an

 C
or

re
la

tio
n

0.0 1.0 2.0
Agent Steps (×106)

0.1

0.2

0.3

0.4

0 200 400
Iteration

0.5

0.6

0.7

0.8

0.9

0 200 400
Iteration

0.4

0.6

0.8

0 200 400
Iteration

0.0

0.2

0.4

0.6

0.8

MPTS ERM DRM GDRM OHTM ICRPM (Ours)

Figure 4 DR (columns 1–2) and Meta-RL (columns 3–5) learning curves and correlation trends (10 Runs, Mean ± SEM).
Rows from top to bottom: CVaR0.9 returns, average returns, and SRC of predicted vs. ground-truth task risk. ICRPM consistently
attains the highest tail-risk performance while maintaining competitive average returns, alongside superior rank correlation
throughout training.

Table 1 Evaluation return on five robotic control tasks. (10 Runs, Mean ± SEM) The best results are bold, with the runner-up
underlined.

Method HalfCheetahVel Walker2dVel ReacherPos LunarLander ErgoReacher

CVaR0.5 CVaR0.9 CVaR0.5 CVaR0.9 CVaR0.5 CVaR0.9 CVaR0.5 CVaR0.9 CVaR0.5 CVaR0.9

ERM [30] -153.6±3.9 -209.9±7.6 23.5±15.6 -34.2±20.7 -17.5±1.9 -31.1±5.4 243.0±14.2 185.5±30.4 83.8±0.7 70.1±1.4

DRM [17, 32] -151.1±6.2 -195.5±8.4 26.1±12.2 -26.0±14.7 -16.0±2.2 -26.5±5.6 184.2±25.0 96.8±36.6 85.3±0.4 72.9±1.0

GDRM [31] -149.8±4.3 -206.4±8.0 16.1±13.3 -42.8±16.6 -19.6±4.3 -30.7±6.1 207.9±18.4 93.7±38.0 84.4±0.7 70.2±1.7

OHTM [33] -160.0±7.3 -194.8±10.3 7.6±21.5 -40.8±21.3 -16.3±1.4 -28.9±5.6 258.7±6.4 215.7±17.9 83.8±0.7 72.6±2.0

MPTS [22] -143.6±4.6 -184.0±8.3 24.6±16.2 -27.9±19.1 -20.1±3.4 -33.2±8.0 268.5±3.4 251.8±4.1 84.7±0.5 75.7±1.1

ICRPM (Ours) -140.5±3.5 -180.2±6.4 43.2±6.7 -1.5±7.2 -15.2±0.9 -27.8±3.8 285.3±2.6 265.8±2.1 86.5±0.4 78.3±0.7

Meta-RL Analysis. Fig. 4 (columns 3–5) reports training dynamics on HalfCheetahVel, Walker2dVel, and ReacherPos.
ICRPM achieves the highest CVaR0.9 validation returns on all three benchmarks while preserving competitive average
performance — a balance DRM fails to maintain, notably degrading on Walker2dVel. The SRC curves (row 3) confirm
that the Transformer-based RPM with temporal-weighted augmentation sustains markedly higher rank correlation
than MPTS throughout training. At meta-test time (Table 1), ICRPM attains the best CVaR𝛼 returns across nearly all
environments and robustness levels, with especially large gains on Walker2dVel (CVaR0.9: −1.5 vs. −27.9 for MPTS)
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and substantially reduced variance.
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Figure 5 CVaR0.9 return vs. relative runtime
on Walker2dVel.

Domain Randomization Analysis. On Ergo-Reacher and Lunar-
Lander (Fig. 4, columns 1–2), ICRPM consistently outperforms all
baselines in CVaR0.9 returns while remaining competitive in average
performance. Notably, on Lunar-Lander ICRPM improves CVaR0.9
at convergence by over 40% relative to ERM, effectively handling
the long-tail of adversarial engine-strength configurations. The SRC
advantage of ICRPM over MPTS persists in both DR environments,
demonstrating that mitigating temporal lagging bias extends beyond
episodic few-shot learning to the zero-shot continuous-control regime.

ComputationalOverhead. Fig. 5 plots CVaR0.9 return against relative
runtime on Walker2dVel (normalised to ERM). ICRPM incurs only 8% overhead (1.08×), comparable to MPTS
(1.07×) and far below DRM (1.34×), whose per-iteration importance-weight computation dominates cost. GDRM and
OHTM add minimal time (1.03× and 1.01×) but lag considerably in tail-risk performance. The scatter clearly shows
that ICRPM occupies the ideal upper-left region with the highest CVaR0.9 return at near-baseline computational cost,
confirming that its performance gains come at negligible additional runtime budget.

4.3 Sample-Efficient RLVR on Countdown

To evaluate the effectiveness of ICRPM in accelerating LLM post-training, we conduct experiments on the Countdown
symbolic reasoning task. Countdown requires composing given numbers with arithmetic operations to reach a target
value, offering verifiable binary rewards that enable straightforward RLVR training.

Experimental Setup. We use Qwen3-4B-Base [37] as the policy backbone. Following the RLVR paradigm, we
employ Group Relative Policy Optimization (GRPO) [38] to optimize the model with verifiable rewards that consider
both mathematical correctness and format adherence. Training is performed on a 20k-instance subset of Countdown-34
(CD34); evaluation is conducted on both CD34 and the harder Countdown-4 (CD4) variant.
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Figure 6 Test accuracy (left) and SRC (right) on Countdown 4B. ICRPM
demonstrates significantly faster convergence and higher correlation with ground-
truth difficulty throughout RL post-training.

Table 2 Evaluation results on Countdown.
‘+’ denotes finetuning with the corresponding
method. Bold: best; underline: runner-up.

Method CD4 CD34 Avg.

Qwen3-4B [37] 1.3 3.5 2.4
+Uniform 51.1 73.8 62.5
+PCL [14] 51.0 72.8 61.9
+GRESO [34] 53.8 73.8 63.8
+MoPPS [13] 52.9 73.9 63.4

+ICRPM 55.7 75.1 65.4

Curriculum RLVR Analysis. As summarised in Table 2 and Fig. 6, ICRPM consistently outperforms all baselines.
On CD4, ICRPM achieves 55.7% accuracy, surpassing GRESO by 1.9 points and MoPPS by 2.8 points, with similar
gains on CD34. The training curve (Fig. 6, left) shows faster convergence and superior sample efficiency, while the
SRC curve (right) indicates more reliable online prompt-difficulty rankings as the policy evolves. This addresses
the sparse-history and temporal-lag issues discussed in Section 3.1: unlike prompt-specific models such as MoPPS,
ICRPM shares information across prompts and better tracks non-stationary difficulty during RL post-training.
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4.4 Ablation Studies
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Figure 7 Ablation studies on Lunar-Lander (10 Runs). Left: Impact of acquisition principles. Two ICRPM variants (worst-case
and diversity-aware) versus PDTS [23]. Right: Architecture ablation comparing ICRPM with MLP or Transformer backbone,
vanilla MPTS, and MPTS with history augmentation.

We ablate the subset acquisition principles, RPM backbones, window size𝑊 , and decay factor 𝛾 on Lunar-Lander.
Fig. 7 shows that ICRPM improves over PDTS under both worst-case and diversity-aware acquisition. For architecture
and history augmentation, ICRPM with a parameter-matched MLP still outperforms vanilla MPTS, while MPTS
augmented with the same three-step window and 𝛾 = 0.9 remains below ICRPM and ICRPM (MLP). This indicates
that the gains mainly come from context-conditioned look-ahead risk prediction, rather than a specific acquisition rule,
Transformer backbone, or history-reuse heuristic. Together, these ablations match the decomposition in Theorem 1:
look-ahead prediction addresses temporal lag, while windowed reuse mitigates sparse history. Fig. 8 shows that𝑊 has
a stronger effect than 𝛾: we choose 𝑊 = 3 because it gives the best CVaR0.9 performance in the ablation, and use
𝛾 = 0.9 across all benchmarks as a robust default that mildly discounts older histories.

0.0 0.5 1.0 1.5 2.0
Agent Steps (×106)

100

0

100

200

300

Lu
na

r-L
an

de
r

Re
tu

rn

CVaR0.9 Return

0.0 0.5 1.0 1.5 2.0
Agent Steps (×106)

100

0

100

200

300

Re
tu

rn

Average Return

Window 1 Window 2 Window 3 Window 8 MPTS

0.0 0.5 1.0 1.5 2.0
Agent Steps (×106)

100

0

100

200

Lu
na

r-L
an

de
r

Re
tu

rn

CVaR0.9 Return

0.0 0.5 1.0 1.5 2.0
Agent Steps (×106)

100

0

100

200

300

Re
tu

rn

Average Return

gamma=0.5 gamma=0.7 gamma=0.9 gamma=1.0

Figure 8 Sensitivity to𝑊 and 𝛾 on Lunar-Lander (10 Runs). Left: Sensitivity to look-back window𝑊 . CVaR0.9 returns, average
returns under𝑊 ∈ {1, 2, 3, 8}. Right: Sensitivity to decay factor 𝛾. CVaR0.9 returns, average returns under 𝛾 ∈ {0.5, 0.7, 0.9, 1.0}.

5 Conclusion
This work identifies a structural limitation of MPTS: vanilla RPMs estimate risks under the current policy but use them
for post-update task selection, inducing first-order lagging bias and unstable task rankings. We propose ICRPM, which
reframes risk prediction as context-conditioned one-step extrapolation with temporal-weighted history augmentation.
Empirically, ICRPM improves risk ranking, sample efficiency, and tail-risk performance across regression, robust
Meta-RL, domain randomization, and RLVR-based LLM post-training, suggesting that task samplers should model
policy-induced risk dynamics rather than rely on static or lagged difficulty estimates.
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A Related Work

Risk-sensitive optimization for adaptive sequential decision-making. Risk considerations have long been central
to sequential decision-making, where poor adaptation may lead to severe downstream failures [39–43]. This has
motivated a broad line of work on incorporating risk-averse objectives into policy optimization [44–47]. In randomized
environments, including DR [8, 48] and Meta-RL [9, 49, 50], several optimization principles have been adopted to
improve robustness. Empirical risk minimization (ERM) [30] optimizes the average loss under the training task
distribution and is therefore commonly used as a standard baseline. Distributionally robust risk minimization (DRM)
instead emphasizes high-risk tasks via conditional value-at-risk (CVaR) objectives [17, 18, 29, 32], while group
distributionally robust optimization (GDRM) mitigates subpopulation shifts by reweighting group-level risks [31].
Worst-case meta-learning has also been investigated [51], but typically requires careful relaxations to maintain stable
training. A shared limitation of these approaches is their reliance on extensive policy evaluation over large task spaces,
which makes purely evaluation-driven robust optimization expensive in practice.

Robust active task sampling and risk-predictive models. Robust active task sampling (RATS) addresses the above
efficiency bottleneck by replacing repeated exhaustive evaluation with a learned RPM [22]. Instead of executing the
current policy on every candidate task, RATS estimates task risk through the RPM and then selects an informative or
high-risk subset for policy optimization. MPTS [22] instantiates this idea by modeling the optimization trajectory as
a generative sequence and using streaming variational inference to predict adaptation risk on unseen tasks. More
recently, PDTS [23] reinterprets RATS from a task-selection perspective, formulates subset selection as an infinitely
many-armed bandit problem, and combines posterior sampling with diversity regularization to alleviate concentration
under large candidate batches. These methods substantially improve the efficiency of robust task selection; however,
their predictive modules remain challenged by two factors: early-stage histories provide only sparse supervision,
and risk estimates are inherently delayed because predictions are made before the next policy update is observed.
Our method focuses on these RPM-level limitations by introducing in-context sequence modeling and a one-step
look-ahead prediction mechanism.
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Cross-task adaptation and curriculum learning. Zero-shot and few-shot adaptation are two central evaluation
regimes for adaptive decision-makers. DR aims to obtain zero-shot generalization by training over randomized
environments [8, 36, 48, 52–57], whereas meta-learning seeks reusable priors that enable rapid adaptation from limited
experience [58]. Representative Meta-RL methods include optimization-based algorithms that learn initializations [9,
59–61], context-based approaches that infer latent task representations from support trajectories [62–65], and recurrent
architectures that internalize adaptation through memory [66]. Curriculum learning provides a complementary
mechanism by changing which tasks are presented during training. For example, unsupervised environment design
and its variants generate tasks with increasing challenge [67–69], while adversarial task-distribution methods construct
curricula through learned generative distributions [70]. Our work is orthogonal to such curriculum-design strategies:
rather than modifying the task distribution itself, we improve the accuracy and timeliness of risk estimation under a
given distribution, making the approach potentially compatible with existing curricula.

Reinforcement learning for LLM post-training. Reinforcement learning from human feedback (RLHF) has become a
standard approach for aligning large language models with human preferences [10, 71]. Recent post-training pipelines
further use reinforcement learning to improve reasoning and task-solving capabilities [72, 73], where prompts can be
viewed as task instances and responses are scored by reward models or verifiers [38]. Prompt-level curricula that
emphasize informative or challenging examples have also been explored to improve training efficiency [14, 74, 75]. A
practical obstacle is that estimating prompt difficulty usually requires costly rollouts from the current model. Our
framework can be naturally mapped to this setting by treating prompts as task identifiers and using the RPM to
estimate prompt-level difficulty, thereby supporting curriculum construction for LLM post-training without additional
generation overhead.

B Expanded Proofs for Theoretical Analysis

This appendix contains the full proofs of all theoretical results stated in the main text. We first collect notation, then
prove Theorem 1 and Proposition 2.

Notation. T: task space; Θ: parameter space; θ𝑡 ∈ Θ: agent parameters at step 𝑡; 𝐿 (θ, τ ): true risk of task τ ∈ T
under θ; 𝐻𝑡 = {(τ𝑡 ,𝑖 , ℓ𝑡 ,𝑖)}𝐵𝑖=1: per-iteration history with batch size 𝐵; 𝐻0:𝑡 =

⋃𝑡
𝑘=0 𝐻𝑘 : cumulative trajectory; F:

RPM hypothesis class; ℜ𝑛 (F): Rademacher complexity with 𝑛 samples. The vanilla RPM ℓ̂vanilla is trained on 𝐻𝑡
(size 𝐵). ICRPM ℓ̂ICRPM = 𝑓𝜙 (τ , 𝐻0:𝑡 ) is trained on𝑊 consecutive batches (size 𝑁 = 𝑊𝐵).

Theorem 1 (Per-step Lagged Prediction Bound for Vanilla RPMs) Assume that ℓ(τ ) = L(θ, τ ) ∈ [0, 𝑀] for all
θ ∈ Θ, τ ∈ T, and that ℓ(τ ) is 𝐿-Lipschitz in θ. The policy update uses a normalized average loss computed by
i.i.d. samples and ∥∇θℓ𝑡 (τ𝑖)∥ ≤ 𝐺. Let ℓ̂ψ,ϕ,𝑡 (τ ) denote the predictive risk function induced by the vanilla RPM
at iteration 𝑡. Define 𝜖 rec

app := infψ,ϕ Eτ∼𝑝
[ (
ℓ̂ψ,ϕ,𝑡 (τ ) − ℓ𝑡 (τ )

)2]
. Then, for any 𝛿 ∈ (0, 1), with probability at least

1 − 𝛿 over the sampling of 𝐻𝑡 ,

Eτ∼𝑝
[
|ℓ̂𝑡 (τ ) − ℓ𝑡+1 (τ ) |

]
≤

√︃
𝜖 rec

app + 𝜖 rec
gen (𝐵, 𝛿)︸                 ︷︷                 ︸

1⃝Reconstruction Approximation Error

+ 𝐿𝜂𝐺︸︷︷︸
2⃝Temporal Lagging Error

. (6)

If the reconstruction loss class Grec = {(τ , 𝑦) ↦→ (ℓ̂ψ,ϕ,𝑡 (τ ) − 𝑦)2 : ψ ∈ Ψ,ϕ ∈ Φ} has Rademacher complexity

ℜ𝐵 (Grec) and is bounded by 𝑀2, then 𝜖 rec
gen (𝐵, 𝛿) = 4ℜ𝐵 (Grec) + 2𝑀2

√︃
ln(2/𝛿 )

2𝐵 .

Proof. Assume the RPM uses a fixed-variance Gaussian decoder 𝑝ψ (ℓ |τ , z) = N(𝜇ψ (τ , z), 𝜎2), and define the
predictive mean as ℓ̂ψ,ϕ,𝑡 (τ ) := E𝑞ϕ (z𝑡 |𝐻𝑡 ) [𝜇ψ (τ , z𝑡 )]. For such a decoder, the reconstruction term in the negative
log-likelihood is proportional to squared reconstruction error:

− log 𝑝ψ (ℓ𝑡 (τ ) |τ , z𝑡 ) =
1

2𝜎2
(
𝜇ψ (τ , z𝑡 ) − ℓ𝑡 (τ )

)2 + 𝐶𝜎 , (7)
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where 𝐶𝜎 is independent of (ψ,ϕ). Therefore, the reconstruction component of the ELBO in Eq. (2) induces the
squared reconstruction objective analyzed below, while the KL term acts as a latent regularizer and is absorbed into
the approximation and optimization error.

Let 𝑓ψ,ϕ,𝑡 (τ ) := ℓ̂ψ,ϕ,𝑡 (τ ) and define the empirical and population squared reconstruction risks as

R̂𝑡 ( 𝑓ψ,ϕ,𝑡 ) :=
1
𝐵

𝐵∑︁
𝑖=1

(
𝑓ψ,ϕ,𝑡 (τ𝑡 ,𝑖) − ℓ𝑡 (τ𝑡 ,𝑖)

)2
, (8)

and
R𝑡 ( 𝑓ψ,ϕ,𝑡 ) := Eτ∼𝑝

[ (
𝑓ψ,ϕ,𝑡 (τ ) − ℓ𝑡 (τ )

)2]
. (9)

By the standard Rademacher uniform convergence bound applied to Grec, with probability at least 1 − 𝛿, uniformly
over (ψ,ϕ) ∈ Ψ ×Φ,

R𝑡 ( 𝑓ψ,ϕ,𝑡 ) ≤ R̂𝑡 ( 𝑓ψ,ϕ,𝑡 ) + 2ℜ𝐵 (Grec) + 𝑀2
√︂

ln(2/𝛿)
2𝐵

. (10)

Let (ψ̂, ϕ̂) denote the parameters obtained by minimizing the empirical squared reconstruction objective, and let
𝑓 ∗
ψ,ϕ,𝑡

be a population minimizer in the class. Applying the above inequality to the empirical minimizer gives

R𝑡 (ℓ̂𝑡 ) ≤ R̂𝑡 (ℓ̂𝑡 ) + 2ℜ𝐵 (Grec) + 𝑀2
√︂

ln(2/𝛿)
2𝐵

≤ R̂𝑡 ( 𝑓 ∗ψ,ϕ,𝑡 ) + 2ℜ𝐵 (Grec) + 𝑀2
√︂

ln(2/𝛿)
2𝐵

.

(11)

Applying the uniform convergence bound once more to 𝑓 ∗
ψ,ϕ,𝑡

yields

R̂𝑡 ( 𝑓 ∗ψ,ϕ,𝑡 ) ≤ R𝑡 ( 𝑓 ∗ψ,ϕ,𝑡 ) + 2ℜ𝐵 (Grec) + 𝑀2
√︂

ln(2/𝛿)
2𝐵

. (12)

Combining the last two inequalities and using the definition of 𝜖 rec
app gives

R𝑡 (ℓ̂𝑡 ) ≤ 𝜖 rec
app + 4ℜ𝐵 (Grec) + 2𝑀2

√︂
ln(2/𝛿)

2𝐵
= 𝜖 rec

app + 𝜖 rec
gen (𝐵, 𝛿).

(13)

Thus,
Eτ∼𝑝

[
(ℓ̂𝑡 (τ ) − ℓ𝑡 (τ ))2

]
≤ 𝜖 rec

app + 𝜖 rec
gen (𝐵, 𝛿). (14)

It remains to account for the temporal shift from θ𝑡 to θ𝑡+1. By the 𝐿2 triangle inequality and Jensen’s inequality,

Eτ∼𝑝
[
|ℓ̂𝑡 (τ ) − ℓ𝑡+1 (τ ) |

]
≤

(
Eτ∼𝑝 [(ℓ̂𝑡 (τ ) − ℓ𝑡+1 (τ ))2]

)1/2

≤
(
Eτ∼𝑝 [(ℓ̂𝑡 (τ ) − ℓ𝑡 (τ ))2]

)1/2 +
(
Eτ∼𝑝 [(ℓ𝑡 (τ ) − ℓ𝑡+1 (τ ))2]

)1/2
.

(15)

The first term is controlled by the reconstruction bound above. For the second term, since ℓ(τ ) is 𝐿-Lipschitz in θ,

|ℓ𝑡 (τ ) − ℓ𝑡+1 (τ ) | ≤ 𝐿∥θ𝑡+1 − θ𝑡 ∥. (16)

The normalized policy update and the gradient bound imply

∥θ𝑡+1 − θ𝑡 ∥ =





𝜂 1
𝐵

𝐵∑︁
𝑖=1
∇θℓ𝑡 (τ𝑖)







≤ 𝜂 1

𝐵

𝐵∑︁
𝑖=1
∥∇θℓ𝑡 (τ𝑖)∥ ≤ 𝜂𝐺.

(17)
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Therefore, (
Eτ∼𝑝 [(ℓ𝑡 (τ ) − ℓ𝑡+1 (τ ))2]

)1/2 ≤ 𝐿𝜂𝐺. (18)

Substituting the two bounds gives

Eτ∼𝑝
[
|ℓ̂𝑡 (τ ) − ℓ𝑡+1 (τ ) |

]
≤

√︃
𝜖 rec

app + 𝜖 rec
gen (𝐵, 𝛿) + 𝐿𝜂𝐺, (19)

which completes the proof. □

B.1 Proof of Proposition 2

Proposition 2 (Look-ahead reduces temporal mismatch, restated). Let𝚫𝑡 = θ𝑡+1−θ𝑡 with ∥𝚫𝑡 ∥ ≤ 𝜂𝐺, and assume
that ℓ(θ, τ ) is 𝛽-smooth in θ. For analysis, define the first-order look-ahead risk as 𝑚𝑡 (τ ) = ℓ𝑡 (τ ) + ∇θℓ(θ𝑡 , τ )⊤𝚫𝑡 .
If the ICRPM predictor satisfies Eτ∼𝑝 |ℓ̂IC

𝑡+1 (τ ) − 𝑚𝑡 (τ ) | ≤ 𝜖IC, then

Eτ∼𝑝
[
|ℓ̂IC
𝑡+1 (τ ) − ℓ𝑡+1 (τ ) |

]
≤ 𝜖IC +

𝛽

2
𝜂2𝐺2. (20)

Proof. For any fixed task τ , denote ℓ𝑡+1 (τ ) = ℓ(θ𝑡+1, τ ) and ℓ𝑡 (τ ) = ℓ(θ𝑡 , τ ). Since ℓ(θ, τ ) is 𝛽-smooth in θ, the
standard first-order remainder bound gives��ℓ𝑡+1 (τ ) − ℓ𝑡 (τ ) − ∇θℓ(θ𝑡 , τ )⊤𝚫𝑡

�� ≤ 𝛽
2
∥𝚫𝑡 ∥2 ≤

𝛽

2
𝜂2𝐺2. (21)

By the definition of 𝑚𝑡 (τ ), this implies |ℓ𝑡+1 (τ ) − 𝑚𝑡 (τ ) | ≤ 𝛽

2 𝜂
2𝐺2. Therefore, using the triangle inequality and

taking expectation over τ ∼ 𝑝,

Eτ∼𝑝
[
|ℓ̂IC
𝑡+1 (τ ) − ℓ𝑡+1 (τ ) |

]
≤ Eτ∼𝑝

[
|ℓ̂IC
𝑡+1 (τ ) − 𝑚𝑡 (τ ) |

]
+ 𝛽

2
𝜂2𝐺2 ≤ 𝜖IC +

𝛽

2
𝜂2𝐺2. (22)

This completes the proof. □

C Additional Preliminaries and Training Protocols

This appendix summarizes the task formulations used in our experiments, covering zero-shot domain randomization,
few-shot meta-reinforcement learning, and RL post-training with verifiable rewards. Although these settings differ in
their interaction modalities, they share a common structure: at each iteration, a subset of tasks or prompts is selected,
evaluated by the current policy, and appended to the optimization history for subsequent predictive sampling.

C.1 Task Distributions in Randomized Environments

Definition 3 (Identifier-induced MDP family). Let 𝑝(τ ) be a distribution over task identifiers. Each identifier
τ specifies an MDP Mτ = ⟨S,A, 𝑃τ , 𝑅τ , 𝜆̄⟩, where S and A are shared state and action spaces, while the
transition kernel 𝑃τ (s′ | s,a) and/or the reward function 𝑅τ (s,a) may vary with τ . For an 𝐻-horizon trajectory
𝜉 = (s0,a0, 𝑟0, . . . , s𝐻 ), the discounted return is

𝐺τ (𝜉) =
𝐻−1∑︁
ℎ=0

𝜆̄ℎ𝑟ℎ . (23)

This formulation covers continuous-control tasks in robotics, where τ may encode physical parameters, target
velocities, masses, lighting conditions, or goal positions. It also provides the task-level abstraction used by robust task
sampling, where the sampler selects identifiers whose predicted difficulty is informative for policy improvement.
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C.2 Zero-Shot and Few-Shot Adaptive Decision-Making

Domain randomization. In zero-shot domain randomization, the policy is trained over MDPs sampled from 𝑝(τ )
and is directly evaluated on unseen environments without an adaptation phase. The standard objective is

max
θ

JDR (θ) = Eτ∼𝑝 (τ )E𝜉∼𝜋θ ,Mτ

[
𝐻−1∑︁
ℎ=0

𝜆̄ℎ𝑟ℎ

]
. (24)

For risk-based sampling, we use the negative return as the task risk,

ℓ(τ ;θ) = −E𝜉∼𝜋θ ,Mτ

[
𝐻−1∑︁
ℎ=0

𝜆̄ℎ𝑟ℎ

]
. (25)

In our experiments, TD3 is used for physical domain randomization [76].

Meta-RL with MAML. For few-shot adaptation, we use MAML [9] as the meta-learning backbone. Each task τ
provides support trajectories D𝑆

τ for fast adaptation and query trajectories D𝑄
τ for post-adaptation evaluation. The

inner update is
θ′τ = θ − 𝜂in∇θℓ(D𝑆

τ ;θ), (26)
and the meta-objective is

min
θ

Eτ∼𝑝 (τ )
[
ℓ(D𝑄

τ ;θ′τ )
]
. (27)

Here, ℓ is instantiated as the negative query return after fast adaptation. Thus, DR can be viewed as the zero-shot case
with no support set, while Meta-RL uses D𝑆

τ before evaluating D
𝑄
τ .

C.3 RL Post-Training with Verifiable Rewards

We also consider RL post-training for LLM reasoning. Here, each identifier τ denotes a prompt, or its embedding
representation, sampled from a prompt pool T. At iteration 𝑡, the policy 𝜋θ𝑡 generates 𝐾 responses yτ𝑡 = {𝑦τ

𝑡 ,𝑖
}𝐾
𝑖=1 for

each selected prompt. A verifier assigns rewards rτ𝑡 = {𝑟 (τ , 𝑦τ
𝑡 ,𝑖
)}𝐾
𝑖=1. The latent success rate is

𝜌τ𝑡 = E[𝑟τ𝑡 ], (28)

which measures the probability that the current policy solves prompt τ . The optimization history is written as

𝐻𝑡 =
{
T𝐵𝑡 ,R

𝐵
𝑡

}
, R𝐵𝑡 =

{
r
τ𝑡, 𝑗
𝑡

}𝐵
𝑗=1 ,

where each rτ𝑖, 𝑗
𝑖

denotes the reward vector over 𝐾 responses for prompt τ𝑖, 𝑗 , and 𝐵 is the number of selected prompts
in the batch. RLVR optimizes the expected verifiable reward:

max
θ

Eτ∼T, 𝑦∼𝜋θ ( · |τ ) [𝑟 (τ , 𝑦)] . (29)

In practice, we use GRPO [38], which replaces the value network with a group-normalized advantage. For responses
generated from the same prompt, the advantage is

𝐴̂𝑖 =
𝑟𝑖 −mean({𝑟𝑖}𝐾𝑖=1)

std({𝑟𝑖}𝐾𝑖=1)
, (30)

and the policy is updated with a clipped importance-ratio objective regularized by the KL divergence to a reference
policy.

Online prompt selection. Prompt selection is needed because exact rollout-based evaluation is expensive. Evaluation-
based methods over-sample a candidate pool T 𝐵̂𝑡 and keep prompts with non-degenerate reward signals, for example
those satisfying std({𝑟τ

𝑖
}𝐾
𝑖=1) > 0. Such filtering is effective but requires extra generations. Prediction-based

methods reduce this cost by estimating prompt difficulty, typically through a predictive model of 𝑝(𝜌τ𝑡 | τ , θ𝑡 ) or
its history-conditioned variant. However, prompt-wise independent estimators may fail to share information across
prompts and may lag behind the changing policy.
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C.4 Unified Predictive Selection View

Both robust task sampling and active prompt selection can be expressed as selection from predicted outcomes. Let
𝑦̂𝑡τ denote the model-predicted outcome for candidate τ . For active prompt selection, this outcome is the predicted
success rate, 𝑦̂𝑡τ = 𝜌̂𝑡τ , and the target is an intermediate difficulty level 𝜌∗. For robust task sampling, the outcome is
the predicted risk, 𝑦̂𝑡τ = ℓ̂𝑡 (τ ), and the target is the largest predicted risk in the candidate pool. The selected batch is

T𝐵𝑡 = arg top- 𝐵
τ ∈T𝐵̂

𝑡

(
−


𝑦̂𝑡τ − 𝑐∗𝑡 

2

2

)
, (31)

where 𝑐∗𝑡 = 𝜌∗ for prompt selection and 𝑐∗𝑡 = max
τ ∈T𝐵̂

𝑡
ℓ̂𝑡 (τ ) for robust task sampling.

D Risk-Aware Evaluation and Predictive Ranking Metrics

This section summarizes the metrics and regularity conditions used to evaluate tail-task robustness and risk-prediction
quality. We write the task risk induced by a model parameterized by θ as

ℓθ (τ ) := ℓ(D𝑄
τ ,D

𝑆
τ ;θ),

where τ ∼ 𝑝(τ ) is a task identifier. Depending on the benchmark, ℓθ (τ ) is instantiated as MSE for regression,
negative return for control, or failure probability for RL post-training.

D.1 CVaR𝛼 for Tail-Task Robustness

Definition 4 (CVaR𝛼). Let 𝐹θ (𝑧) = Prτ∼𝑝 (τ ) (ℓθ (τ ) ≤ 𝑧) be the cumulative distribution function of the task risk,
and define its 𝛼-quantile as 𝑞𝛼 (θ) = inf{𝑧 : 𝐹θ (𝑧) ≥ 𝛼}. Following [29], the 𝛼-level Conditional Value-at-Risk is the
expected risk over the upper tail:

CVaR𝛼 (θ) = E [ℓθ (τ ) | ℓθ (τ ) ≥ 𝑞𝛼 (θ)] . (32)

Equivalently, for a continuous risk distribution,

CVaR𝛼 (θ) =
∫

𝑧 𝑑𝐹𝛼θ (𝑧), 𝐹𝛼θ (𝑧) =


0, 𝑧 < 𝑞𝛼 (θ),
𝐹θ (𝑧) − 𝛼

1 − 𝛼 , 𝑧 ≥ 𝑞𝛼 (θ),
(33)

where 𝐹𝛼
θ

is the normalized tail-risk distribution. We denote the corresponding tail-task density by 𝑝𝛼 (τ ;θ).

Under this convention, CVaR0.9 evaluates the expected risk on the hardest 10% of tasks. Thus, lower CVaR indicates
stronger tail-task robustness. For control tasks, where risk is defined as negative return, reporting −CVaR𝛼 gives the
corresponding CVaR return, for which higher values are better.

D.2 Spearman Rank Correlation for Risk Prediction

While CVaR𝛼 measures the robustness of the learned policy, it does not directly assess whether the risk-predictive
model correctly identifies hard tasks. Since predictive samplers mainly rely on the relative ordering of candidate tasks,
we additionally report Spearman Rank Correlation (SRC) between predicted and observed risks.

Given a candidate or validation set {τ𝑖}𝑁𝑖=1, let ℓ̂𝑖 = ℓ̂(τ𝑖) be the predicted risk and ℓ𝑖 = ℓ(D𝑄
τ𝑖 ,D

𝑆
τ𝑖 ;θ) be the observed

risk. Denoting the rank operator by rk(·), SRC is computed as

SRC = 1 −
6
∑𝑁
𝑖=1

(
rk(ℓ̂𝑖) − rk(ℓ𝑖)

)2

𝑁 (𝑁2 − 1)
. (34)
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SRC lies in [−1, 1]. Values close to 1 indicate that the predicted risk order matches the observed task-difficulty order.
This metric is particularly relevant for predictive task sampling: even if the absolute risk values are not perfectly
calibrated, a high SRC implies that the sampler can still prioritize informative or high-risk tasks. In contrast, low SRC
indicates rank-flipping in the predicted difficulty landscape, which may lead to suboptimal task selection and weaker
tail-task performance.

E Experiment Details
For all baselines, we follow the default configurations reported in their original papers whenever available, including
model architectures, optimizer settings, task-selection rules, and hyperparameters. When a baseline is adapted to our
shared MPTS-style evaluation protocol, we keep the training budget, candidate-pool size, batch size, number of seeds,
and evaluation schedule consistent with ICRPM for fair comparison.

E.1 Meta-Reinforcement Learning Experiments

Shared Setup We evaluate on three MuJoCo Meta-RL benchmarks (HalfCheetahVel, Walker2dVel, ReacherPos)
from the MAML task-distribution suite. Tasks are parameterised by continuous descriptors τ (target velocity or goal
position) sampled from 𝑝(τ ) at each iteration. All methods share the same meta-learner: MAML with TRPO as the
inner optimiser. Key shared hyperparameters are listed in Table 3.

Table 3 Shared meta-learning hyperparameters (Meta-RL).

Hyperparameter Value

Meta-training iterations 500
Meta-batch size 𝐵 20 tasks
Validation batch size 20 tasks (uniform)
Inner adaptation steps 1
Fast batch size (trajectories / task) 20
Max KL divergence 0.01
Discount factor 0.99
GAE 𝜆 1.0
Random seeds 10

Evaluation protocol. All methods are evaluated on a held-out validation set of 20 tasks sampled uniformly from
𝑝(τ ) at each iteration; validation episodes are excluded from the environment interaction count.

ICRPM Configuration for Meta-RL ICRPM uses Transformer backbone RPM that learns a predictive distribution
𝑝(ℓ |τ , 𝐶𝑡 ) conditioned on the latest context set 𝐶𝑡 = {(τ𝑡 ,𝑖 , ℓ𝑡 (τ𝑡 ,𝑖))}𝐵𝑖=1.

ArchitectureDetails. The encoder maps context pairs {(τ𝑖 , ℓ𝑖)}𝑖∈𝐶𝑡
through a depth-4 MLP embedding, a Transformer

encoder (self-attention over context), and a cross-attention module where each target task τ attends to the encoded
context. The decoder outputs Gaussian parameters (𝜇, 𝜎) with 𝜎 = 0.1 + 0.9 · softplus(·). The transformer-based
ICRPM is parameter-matched to the vanilla RPM for a fair comparison (≈0.65 M parameters).

Training objective. At each iteration 𝑡, one gradient step is taken on the weighted NLL objective (Eq. (4) in the main
text):

min
ϕ

J(ϕ) = −
𝑊∑︁
𝑘=1

𝛾𝑘

(
1
𝐵

𝐵∑︁
𝑖=1

ln 𝑝ϕ
(
ℓ𝑡−𝑘+1(τ𝑡−𝑘+1,𝑖) |τ𝑡−𝑘+1,𝑖 , 𝐻𝑡−𝑘

))
, (35)

where 𝐻𝑡−𝑘 = {(τ𝑡−𝑘,𝑖 , ℓ𝑡−𝑘,𝑖)}𝐵𝑖=1 is the per-step history at time 𝑡 − 𝑘 ,𝑊 = 3 is the sliding-window size, 𝛾 = 0.9 is
the temporal decay, and Adam (lr= 5 × 10−3) is used.
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Task selection. This retains the predictive selection setup in MPTS [22]. At each iteration, 1.5𝐵 candidate tasks are
drawn from 𝑝(𝜏). ICRPM predicts the mean risk 𝑦̂𝑖 = E𝑝𝜙 (𝑦 | 𝜏̂𝑖 ,𝐻𝑡 ) [𝑦] for each candidate. For robust task sampling,
we set 𝑐∗ = max𝑖 𝑦̂𝑖 and select the 𝐵 candidates with the largest score −∥𝑦̂𝑖 − 𝑐∗∥22, which is equivalent to selecting the
top-𝐵 candidates by predicted risk in the scalar-risk case.

E.2 RLVR Countdown Experiment

Setup We use the Countdown mathematical reasoning task (20k training instances, Countdown-3to4) with Qwen3-
4B-Base as the policy backbone 𝜋θ, trained via GRPO+ inside the veRL framework (v0.3.1) on 4×A100-80 GB
GPUs. Key training hyperparameters are listed in Table 4.

Table 4 RLVR training hyperparameters.

Hyperparameter Value

Base model Qwen3-4B-Base
Training steps 100
Prompt batch size 𝐵 128 (4-GPU)
Responses per prompt 𝐾 8
Max response length 1,024 tokens
Policy optimiser AdamW, lr 1 × 10−6

Entropy coefficient 0.001
KL coefficient 0.0
PPO clip ratio (low / high) 0.2 / 0.28

The reward function follows the format-aware Countdown setting: 𝑟 = 1 (correct), 𝑟 = 0.1 (incorrect but well-
formatted), 𝑟 = 0 (otherwise). Evaluation reports pass@1 accuracy on held-out CD34 and the harder CD4 benchmark.

ICRPM Configuration for RLVR ICRPM replaces the prompt-difficulty predictor (RPM). At each training step,
rollouts are generated by vLLM using the current actor. After reward computation, prompt embeddings τ ∈ R1024 are
extracted from the current actor’s last hidden states and paired with observed solve rates to form the context 𝐻𝑡 , ,
where the solve rate is the fraction of generated responses that exactly solve the Countdown instance. These task
representations are not frozen; their policy-induced drift is treated as part of the non-stationary task-risk context
modeled by ICRPM. The ICRPM is trained with the objective in Eq. (35), using 𝑊 = 3, 𝛾 = 0.9, and 20 gradient
steps per training step, matching the vanilla RPM. In RLVR, ICRPM is scaled to match the vanilla RPM parameter
count (≈42.8 M). The task-sampling ratio is 80%.

E.3 Domain Randomization Experiments

For zero-shot DR we follow the MPTS protocol with TD3 as the policy backbone on Ergo-Reacher and Lunar-
Lander [36]. Each task τ is an environment instance induced by a continuous domain-randomisation identifier;
the risk ℓ(τ ) = 𝐿 (θ𝑡 , τ ) is the negative episodic return without inner-loop adaptation. The same task-batch size 𝐵,
candidate-pool size 𝐵̂, and baseline protocol as Meta-RL are used. ICRPM uses a parameter-matched Transformer
architecture and the same temporal augmentation settings (𝑊 = 3, 𝛾 = 0.9).

E.4 Few-Shot Sinusoid Regression

Each task is specified by τ = (𝑎, 𝑏) with 𝑓τ (𝑥) = 𝑎 sin(𝑥 − 𝑏), 𝑎 ∈ [0.1, 5.0], 𝑏 ∈ [0, 𝜋]. The meta-learner is MAML
and task risk is query-set MSE after adaptation. We report average MSE and CVaR𝛼 (Eq. (33)) with 𝛼 ∈ {0.5, 0.7, 0.9},
along with SRC (Eq. (34)) throughout training. ICRPM is parameter-matched to the vanilla RPM and uses the same
temporal augmentation settings (𝑊 = 3, 𝛾 = 0.9).
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E.5 Ablation Studies

Ablations are conducted on Lunar-Lander DR with 10 independent runs each. The ICRPM parameter count is
equal to the vanilla RPM across all ablation studies for fair comparison. We vary four design dimensions: acquisition
principle, RPM backbone, history augmentation, and the window/decay hyperparameters.

1. Acquisition principle. We compare worst-case selection by predicted risk 𝜇(ℓ) with a diversity-aware variant that
combines 𝜇(ℓ) with a set-level diversity bonus. Both variants are evaluated under identical optimisation budgets
and compared with PDTS [23]. This ablation tests whether the improvement comes from the risk predictor itself
rather than a specific acquisition heuristic.

2. RPM backbone and history augmentation. We compare the default Transformer backbone with a parameter-
matched MLP that retains the same context-conditioned look-ahead objective in Eq. (35). To isolate the
role of history reuse from look-ahead prediction, we also evaluate MPTS-augment, which augments vanilla
MPTS [22] with the same three-step history window and temporal decay 𝛾 = 0.9 used by ICRPM, but without the
context-conditioned one-step extrapolative objective. This comparison separates the effect of the backbone, the
sliding-window augmentation, and the proposed look-ahead formulation.

3. Look-back window𝑊 . We vary𝑊 ∈ {1, 2, 3, 8} with 𝛾 = 0.9 fixed. Smaller windows use fresher histories but
provide less task coverage, while larger windows improve sample reuse but can introduce stale context from earlier
policy states. We set𝑊 = 3 as the default trade-off between coverage and freshness.

4. Temporal decay factor 𝛾. We vary 𝛾 ∈ {0.5, 0.7, 0.9, 1.0} with the default window size fixed. Smaller values
emphasize only the most recent batches, whereas 𝛾 = 1.0 weights stale and fresh histories equally. Among the
tested values, 𝛾 = 0.9 provides a stable balance by mildly discounting older histories, and we therefore use it as the
default.

All ablation settings report CVaR0.9 return, average return, and SRC (Eq. (34)) on the task-distribution validation set.
The results show that ICRPM remains effective across acquisition rules and backbone choices, while MPTS-augment
does not match ICRPM under the same history-window and decay configuration. This indicates that the gains are not
explained by history reuse alone, but mainly come from context-conditioned one-step look-ahead risk prediction.

E.6 Compute resources.

Table 5 reports approximate single-run wall-clock times, where each entry corresponds to one method on one
benchmark/environment with one random seed, including training and periodic evaluation but excluding preliminary
debugging runs. For Sinusoid and continuous-control experiments, ERM [30], MPTS [22], GDRM [31], OHTM [33],
and ICRPM have comparable runtime, while DRM is about 30–40% slower due to its additional importance-weight
computation. For RLVR Countdown, Uniform, PCL [14], MoPPS [13], and ICRPM have comparable runtime, while
GRESO [34] is about 60% slower due to additional rollout-selection overhead.

Table 5 Approximate single-run compute resources.

Experiment Hardware Common Slower

Sinusoid RTX 4090 24GB ∼12.2 min DRM: ∼16.4 min
DR RTX 4090 24GB ∼3.0 h DRM: ∼4.2 h
Meta-RL A10 24GB ∼8.7 h DRM: ∼11.6 h
RLVR 4×A100 80GB ∼11.1 h GRESO: ∼17.8 h

E.7 Assets, Licenses, and Terms of Use.

All experiments use publicly available research assets. For LLM post-training, we use Qwen3-4B-Base as the policy
backbone, and implement training and inference with veRL and vLLM. These model and software assets are released
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under the Apache License 2.0. For continuous-control experiments, we use OpenAI Gym with MuJoCo-based
environments through the legacy mujoco-py interface. OpenAI Gym and mujoco-py are released under permissive
open-source licenses, while the MuJoCo simulator is used subject to its applicable license terms; we do not redistribute
MuJoCo binaries, license keys, or third-party assets. Our TD3 and MAML implementations are adapted from or
benchmarked against publicly available research codebases released under permissive licenses. For Countdown, we
use public arithmetic-reasoning datasets from Hugging Face for research evaluation only, do not redistribute raw
dataset files, and provide sufficient preprocessing and evaluation details to support reproducibility. We comply with
the terms of use of all upstream assets and retain the corresponding license and copyright notices where applicable.

F Limitations

ICRPM is proposed as a context-conditioned extrapolative RPM for improving risk approximation in MPTS-style task
sampling. Several aspects remain open for future investigation.

1. History-based extrapolation. ICRPM relies on recent optimization histories to infer next-step task risk. This is
effective when recent histories capture local risk drift, but may be less reliable under abrupt policy updates, highly
noisy rewards, or task regions poorly covered by the history buffer.

2. Scope of validation and analysis. Our theory uses standard boundedness and smoothness assumptions to
characterize temporal mismatch, and our experiments cover regression, robust continuous control, and RLVR-based
LLM post-training. Extending the analysis and evaluation to larger models, longer horizons, and broader task
distributions remains an important direction for future work.

G Broader Impacts

ICRPM improves sample-efficient task selection by reducing temporal-lag bias in online risk prediction. This
can lower interaction and compute costs and improve robustness on difficult or tail tasks in simulated control and
verifiable-reward reasoning settings. However, more efficient task selection may also reduce the cost of RL-based
post-training for capable models, including applications with potential misuse. Moreover, learned risk predictors may
amplify blind spots if the task distribution is biased or incomplete. We therefore recommend using such methods
with broad task coverage, safety-oriented stress tests, and task-distribution audits before any real-world deployment.
Our experiments use simulated environments and algorithmic reasoning benchmarks only, and do not involve human
subjects, private user data, or real-world deployment.
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