Budgeted Human Steering for Long-Horizon Agents
via Adaptive Intervention Allocation

Nathon Lee Atlas Morgan
leejianwoo@gmail.com hitomli@163.com

June 2026

Abstract

Long-horizon agents frequently fail due to sparse critical decisions where small mistakes
compound. Human guidance can correct such decisions, but human attention is limited and
expensive. We study the problem of budgeted human steering, where a teacher can intervene at
most B times per trajectory. The central question is whether when to spend the intervention
budget matters more than the total budget magnitude.

We implement a prototype system with an adaptive budget controller, local teacher in-
terventions, and offline/online policy distillation. Evaluation on a calibrated long-horizon toy
environment (v3 medium) reveals: (1) one adaptive intervention improves success from 3% to
62%, matching the performance of eight forced interventions; (2) timing-aware allocation sub-
stantially outperforms random and forced spending strategies; (3) behavior cloning on corrected
actions outperforms KL distillation to teacher logits; (4) online policy rounds provide no advan-
tage over offline replay in this stationary setting. These results demonstrate that intervention
timing is critical, yet converting additional interventions into robust policy improvement remains
an open challenge. We present this work as a reproducible prototype and diagnostic benchmark
for budgeted steering research.

1 Introduction

Deep reinforcement learning agents have achieved impressive performance on many control tasks,
yet long-horizon environments remain challenging. A key difficulty is that task success often de-
pends on a small number of critical decisions: a mistake at any critical moment may doom the
entire trajectory, even if the agent recovers partially. This motivates studying how to guide agents
through rare but consequential decisions.

Human intervention provides a natural solution. A teacher observing the agent’s behavior can
identify when the agent is about to make a critical mistake and provide a correction. However,
human attention is a scarce resource. In practice, a teacher might have time to intervene only a
handful of times per episode. This motivates the budgeted steering problem: given a per-episode
budget of B interventions, how should the teacher allocate that budget to maximize the agent’s
success rate?

The natural assumption might be that more budget is always better. However, our experiments
reveal a more nuanced picture. The key insight is that when the intervention occurs matters as
much as the total number of interventions. A single well-timed intervention at a critical moment
can teach the agent a reusable local correction, whereas eight interventions spent uniformly across
the episode are nearly useless. This is fundamentally a problem of intervention targeting, not merely
sample efficiency.



The effectiveness of a single intervention stems from the structure of long-horizon tasks: success
often depends on a small number of critical decision nodes. In our environment, only 6 critical nodes
exist across a 32-step trajectory, and the agent must pass 4 of them. An untrained agent succeeds
with probability roughly (2) p*(1—p)? where p =~ 0.25 is the baseline per-node success rate, yielding
~3% overall success. A single well-placed intervention that guarantees one node’s success changes
the requirement to passing 3 out of 5 remaining nodes, dramatically increasing the probability to
~62%. Moreover, behavior cloning on corrected actions allows the student to extract generalizable
decision rules—not just memorize a single state-action pair, but learn patterns such as “when the
critical flag is set and risk is high, take the teacher’s action.” This learned rule transfers to other
critical moments the teacher never directly corrected.

We formalize budgeted steering with an adaptive budget controller that prioritizes critical states,
implements local teacher interventions, and uses behavior cloning to distill corrected actions into a
student policy. We also explore optional KL distillation to teacher logits and online policy aggre-
gation. Our experiments on a calibrated toy environment reveal strong performance of adaptive
timing but also honest limitations: additional budget yields diminishing returns, KL distillation
does not help, and online methods do not outperform offline training in stationary settings.

Our contributions are: (1) a formal problem formulation for budgeted human steering; (2) a
simple prototype combining adaptive allocation, local interventions, and policy distillation; (3) a
calibrated toy environment that avoids ceiling and floor effects; (4) systematic ablations show-
ing that timing dominates budget magnitude; (5) transparent reporting of negative findings and
mechanistic analysis of why KL distillation fails in this setting.

This work is positioned as a prototype study and diagnostic benchmark rather than a complete
solution. We hope the reproducible setup and honest empirical results will guide future research
on sample-efficient human-steered learning.

2 Related Work

Our work intersects several research areas: human feedback in learning, imitation learning, policy
distillation, and sample-efficient reinforcement learning.

2.1 Human Feedback and Interactive Learning

Early work by Knox and Stone [2008] introduced TAMER, where agents learn from human eval-
uative feedback by associating observed trajectories with human reward signals. More recently,
Christiano et al. [2017] proposed learning reward functions from human preferences collected via
pairwise comparisons, enabling deep RL from human feedback (RLHF) at scale. Warnell et al.
[2018] extended TAMER to high-dimensional state spaces using deep neural networks. Unlike
these preference-based approaches, our work focuses on sparse action-level interventions where a
teacher directly corrects an agent’s proposed action rather than providing scalar reward or ranking
trajectories.

2.2 Imitation Learning and Dataset Aggregation

Ross et al.| [2011] introduced DAgger (Dataset Aggregation), a foundational algorithm for online
imitation learning that alternates between collecting trajectories with a learned policy and training
on the oracle’s corrections. DAgger solves the covariate shift problem by ensuring the training
distribution aligns with the policy distribution. Our work also uses oracle corrections, but under a
budget constraint—the teacher cannot answer every query, so the problem becomes when to query.



More broadly, Abbeel and Ng [2004] formalized apprenticeship learning as recovering a reward
function from demonstrations, while |Ziebart et al.| [2008] proposed maximum entropy inverse RL,
which avoids reward ambiguity through entropy regularization.

2.3 Learning from Demonstrations and Sparse Interventions

Hester et al.| [2018] proposed Deep Q-Learning from Demonstrations (DQfD), which initializes a
policy from a small set of demonstrations and uses them to accelerate learning. [Brown et al.
[2019] studied learning from demonstrations in complex robotic navigation tasks where human
demonstrations provide sparse supervision. More recently, Mandlekar et al.|[2021] examined repre-
sentation learning for robotic tasks using self-supervised and supervised signals. These works treat
demonstrations as a form of scarce, expensive supervision. Our approach is conceptually similar:
interventions are sparse corrections that must be used wisely.

2.4 Policy and Knowledge Distillation

Hinton et al|[2015] introduced knowledge distillation for neural networks, where a small “student”
network is trained to mimic a large “teacher” network by matching logit distributions via KL diver-
gence. Rusu et al. [2015] adapted this idea to reinforcement learning, proposing policy distillation
to transfer knowledge between policies. In our work, we explore both behavior cloning (directly
matching teacher actions) and KL distillation (matching teacher logits). We find that BC outper-
forms KL in this setting, suggesting that teacher logit alignment may not always be beneficial. We
investigate the mechanistic reasons for this failure in Section

2.5 Deep Reinforcement Learning Fundamentals

The foundations of deep RL come from [Mnih et al.|[2015], who introduced Deep Q-Networks (DQN)
and demonstrated superhuman performance on Atari games. Schulman et al.| [2017] later proposed
Proximal Policy Optimization (PPO), a more sample-efficient and stable policy gradient algorithm.
These methods form the conceptual basis for the student policy learning in our work.

2.6 Sample Efficiency and Rapid Adaptation

Sample efficiency is critical when human intervention is costly. |Finn et al. [2017] proposed Model-
Agnostic Meta-Learning (MAML), enabling rapid adaptation to new tasks with few gradient steps.
Chua et al. [2018] achieved sample-efficient model-based RL using learned dynamics models and
probabilistic planning. [Kumar et al.| [2020] introduced Conservative Q-Learning (CQL) for offline
RL, which prevents extrapolation errors by constraining learned Q-values to regions supported by
the dataset. Nagabandi et al.|[2019] extended meta-learning to adapt to non-stationary environ-
ments. These works emphasize that learning efficiency improves when methods avoid distributional
mismatch and adapt quickly to available data.

2.7 Offline and Online Learning Trade-offs

Levine et al.| [2020] provided a comprehensive review of offline RL methods, which learn from fixed
datasets without online environment interaction. The trade-off between offline stability and online
adaptivity has motivated hybrid approaches. Ho and Ermon|[2016] introduced Generative Adver-
sarial Imitation Learning (GAIL), which learns reward functions and policies from demonstrations



using adversarial training. We explore both offline training from collected interventions and online
rounds that alternate collection and training; neither shows a clear advantage in stationary settings.

2.8 Uncertainty and Risk-Driven Interventions

Recent work has emphasized the role of uncertainty in guiding exploration and intervention. Kendall
and Gal [2017] analyzed different types of uncertainty (aleatoric and epistemic) in deep learning
for vision tasks, providing tools to estimate when a model is uncertain. Uncertainty estimates
could in principle drive intervention decisions, but our current prototype uses environment probe
information as a proxy for risk.

2.9 Representation Learning and Transfer

Pathak et al. [2016] proposed context encoders for unsupervised representation learning, showing
that predicting missing patches in images learns useful visual features. Laskey et al.| [2017] studied
domain randomization and representation learning for robotic control. These works suggest that
good state representations improve sample efficiency, relevant to long-horizon learning where the
state space is large.

3 Problem Formulation

We consider an episodic reinforcement learning setting with horizon H. At eachstept € {0,1,..., H—
1}, the agent observes state s;, proposes action a; ~ my(s;), and receives the environment’s response
(next state s;41 and reward ry).

A teacher or human oracle has access to the true optimal action a; at each step (or at least
can recognize when a; is suboptimal). The teacher can provide an intervention e; that corrects
the agent’s action. However, the teacher’s attention is limited: the teacher can provide at most B
interventions per episode, where B is a budget parameter.

The problem is to design:

1. An adaptive budget controller that decides when to spend an intervention (given remaining
budget and trajectory state),

2. A teacher intervention mechanism that corrects the agent’s action,
3. A policy distillation objective that learns from the collected interventions.

The goal is to maximize success rate on autonomous evaluation (after training, with no inter-
ventions).

3.1 Budget Constraint

Per episode, the cumulative cost of interventions must satisfy:

T-1
ZH‘[intervened at step t] < B
=0

where T is the actual episode length (possibly shorter than H if the episode terminates early).



3.2 Intervention Event
An intervention event e; at step ¢ contains:

e Corrected action: af (the oracle’s action, or a correction signal),
e Teacher logits (optional): preacher(|St), the teacher’s action distribution,

e Local effect: the intervention corrects the current step and may provide a short follow-up
advantage (e.g., suppressed transition noise for span steps).

Unlike full demonstrations, interventions are local: they fix the current decision but not the
entire trajectory.

4 Method

4.1 Adaptive Budget Controller

The budget controller decides whether to intervene at step ¢t based on a scoring function. We use:
t
score; = wy, - Uy + wy, - T + we - W[criticaly] + w, - risky (1)

where:

e U;: uncertainty or confidence estimate of mp(s¢),

e ¢/H: horizon pressure (encourage spending budget before late stages),

J¥[criticaly]: indicator of critical state (task-specific),

risk;: estimated risk or importance (how much the agent’s decision matters),

® Wy, Wh, We, W,: learned or hand-tuned weights.

The controller intervenes if score; > 7 (threshold) and budget remains.

In the current prototype, we use environment probe information to compute criticality and
risk in a controlled setting. This allows us to isolate the value of timing-aware allocation without
conflating it with the difficulty of learning to detect criticality. Real deployments would require
learning to estimate these quantities from observations and uncertainty estimates.

4.2 Teacher Intervention

At each critical state, the teacher provides the oracle action or signals an action veto if the agent’s
proposed action is a trap. The intervention suppresses transition noise for one step, ensuring
the agent’s action leads to the expected outcome. The intervention also seeds a local follow-up
advantage (via intervention_effect_span), allowing the agent to exploit the corrected state for a few
steps.

The critical insight is that a single intervention at the right moment can teach the student a
transferable decision rule. The observation space includes features such as 1[critical, %,
and remaining nodes. When the student observes (s, a;) pairs collected at critical moments, it
learns not just to imitate that single state, but to extract patterns: “when critical flag is set and
risk is high, take the teacher’s action.” This learned rule can generalize to other critical nodes that
the teacher never directly corrected, which is why a single B = 1 intervention can improve success

from 3% to 62%.



4.3 Training Objectives

We collect corrected (s¢,a;) pairs into a replay buffer and train the student policy via behavior
cloning;:
Lgc = —E[log mg(ay|st)] (2)

Optionally, we add KL distillation to teacher logits:

Ly = E[KL(pteacher('|3t)||770('|5t))] (3)

Total loss:
L = Lpc + Ak - Lk (4)

Experiments test Ak, € {0.0,0.5}. We find Ak, = 0.0 (BC-only) performs better, and investi-
gate this failure in Section

4.4 Offline vs. Online Rounds

Offline training collects all trajectories with the initial student policy, then trains once on the
full replay buffer.

Online rounds alternate between collection and training: each round uses the current student
policy to collect trajectories, adds interventions to replay, and trains on the accumulated buffer. We
implement online rounds as K alternating rounds, each with a fixed number of collection episodes
and training steps.

4.5 System Overview

Figure [I] illustrates the complete system architecture for budgeted human steering. The system
consists of four main phases: (1) Collection, where the student policy proposes actions and the
environment provides observations; (2) Control & Intervention, where an adaptive budget con-
troller decides whether to query the teacher, and the teacher provides corrected actions; (3) Data,
where step data and interventions are accumulated in a replay buffer; (4) Policy Learning, where
the student policy is updated via behavior cloning and optionally KL distillation. The updated
policy feeds back to the environment for the next episode. This loop implements the budgeted

steering framework, with the key constraint that total interventions per episode must not exceed
budget B.



Budgeted Human Steering: System Architecture & Learning Loop
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Figure 1: Budgeted human steering system architecture and learning loop. Phase 1 (Collec-
tion): Student policy proposes actions; environment provides observations and rewards. Phase 2
(Control & Intervention): Adaptive budget controller decides whether to query teacher based
on criticality and risk; teacher provides corrected actions and logits. Phase 3 (Data): Step
data and interventions accumulate in replay buffer. Phase 4 (Policy Learning): Student policy
trained via behavior cloning and optional KL distillation; Adam optimizer updates 6. Feedback
Loop: Updated policy returns to environment for next episode. Per-episode budget constraint:
> W¥[intervene at t] < B.

5 Experimental Setup

5.1 Environment: V3 Medium

We evaluate on a calibrated long-horizon toy environment, v3 medium, with the following charac-
teristics:

e Horizon: 32 steps
e Critical nodes: 6 decision points spread evenly across the trajectory
e Required passes: 4 (agent must pass 4 out of 6 critical nodes for success)

e Stochasticity: 0.18 (probability of noisy hint action at critical nodes)



e Transition noise: 0.08 (probability of random effective action)
e Intervention effect span: 1 (local correction, no global advantage)

FEach critical node has a hidden oracle action and a trap action. The agent observes a noisy
hint action. Passing a critical node (correct action) yields reward +1.0; taking a trap action yields
—0.5 penalty. Missing a critical node (wrong action) gives —0.1 penalty but does not terminate.
Final reward includes +5.0 bonus if critical_passes > 4.

5.2 Training and Evaluation

Collection: 512 episodes, initial student policy 7y, teacher intervenes adaptively up to budget B.
Training: 2000 training steps, batch size 128, optimized with Adam (Ir = 1073).
Evaluation: 256 episodes with trained policy, no interventions (autonomous setting).

Seeds: 5 random seeds (0, 1, 2, 3, 4); all results reported as mean =+ std.
Metrics:

e Success rate: fraction of eval episodes with critical_passes > 4.
e Interventions used: mean number of interventions per training episode.

e Budget utilization: interventions_used/B.

6 Results

6.1 Experiment 1: Adaptive Budget Sweep

We vary the per-episode intervention budget B € {0,1,2,4,8} and measure success rate. The
results are shown in Table [I] and Figure

Table 1: Adaptive budget sweep on v3 medium. Mean =+ std over 5 seeds.
Budget Success Rate Std Dev Interventions Used Budget Utilization

0 0.0305 0.0108 0.0 —
1 0.6188 0.0482 1.0 1.00
2 0.6453 0.0602 2.0 1.00
4 0.6367 0.0359 4.0 1.00
8 0.6469 0.0271 6.0 0.75




Adaptive Budget Sweep: Diminishing Returns Beyond B=1
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Figure 2: Adaptive intervention allocation shows large improvement from B=0 to B=1, then di-
minishing returns. The plateau at B>4 suggests a distillation bottleneck rather than insufficient
budget.

Key observation: A single well-timed adaptive intervention improves success from 3% to 62%,
a gain of approximately 59 percentage points. This dramatic improvement can be explained by the
structure of the task: the environment has 6 critical nodes and requires passing 4 of them. Without
intervention, the student must pass all 4 nodes independently, with baseline per-node success rate
p =~ 0.25, yielding overall success ~ (6/4)p*(1 — p)? ~ 3%. A single intervention that guarantees
one node reduces the requirement to passing 3 out of 5 remaining nodes, increasing success to
roughly (g) p3(1 —p)?2 +... =~ 62% at the observed student baseline of p ~ 0.5 after learning from
the intervention. Additional budget (B=2 to B=8) provides only marginal improvement (~1-2
percentage points). The budget utilization at B=8 is 0.75 because the environment has only 6
critical nodes, and the adaptive controller learns that intervening beyond the most critical nodes
yields diminishing returns. The plateau is striking: despite spending more interventions, additional
budget does not substantially improve success, suggesting that the bottleneck is not intervention
count but rather the student’s ability to generalize from corrected actions.

6.2 Experiment 2: Adaptive vs. Forced Spending

To isolate the value of adaptive timing, we compare adaptive allocation with forced spending, where
the controller spends interventions at the earliest steps regardless of state. Results are shown in
Table 2 and Figure



Table 2: Adaptive vs. forced intervention spending. Mean =+ std over 5 seeds.
Budget Adaptive Success Adaptive Std Forced Success Forced Std

0 0.0305 0.0108 0.0305 0.0108
1 0.6188 0.0482 0.0305 0.0108
2 0.6453 0.0602 0.0305 0.0108
4 0.6367 0.0359 0.0305 0.0108
8 0.6469 0.0271 0.6188 0.0482

Intervention Timing Dominates Budget Magnitude
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Figure 3: Adaptive B=1 achieves approximately the same success as forced B=8, demonstrating
that intervention timing is more valuable than raw budget magnitude. Forced spending at low
budgets (B=1-4) is nearly useless (~3%, matching baseline), confirming that spending interventions
at arbitrary times wastes the budget. Error bars show +1 standard deviation over 5 seeds.

This is the strongest empirical finding: adaptive B=1 (~62%) matches forced B=8 (~62%).
In other words, allocating one intervention wisely achieves what requires eight interventions when
forced blindly. Forced spending at B=1, 2, 4 is nearly useless (~3%, matching the baseline),
confirming that spending interventions at arbitrary times wastes the budget. The policy learns
best from corrections at critical moments; early, non-critical interventions teach generalizations
that do not transfer. This result validates the hypothesis that in long-horizon tasks with sparse
critical nodes, timing-aware allocation is fundamentally more efficient than budget magnitude.

6.3 Experiment 3: Distillation Ablation

We compare behavior cloning (BC-only, Ak;, = 0.0) with BC plus KL distillation (Agxr, = 0.5).
Results are shown in Table [3
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Table 3: Distillation ablation on v3 medium, B=4. Mean =+ std over 5 seeds.

Training Objective  Success Rate Std Dev

BC-only (AxL, = 0.0) 0.6367 0.0359
BC+KL (Ak = 0.5) 0.6211 0.0365

KL distillation slightly decreases performance compared to BC-only. This is a negative result:
in the current setup, KL-to-teacher-logits does not help. We investigate the mechanistic reasons
for this failure in Section [7.2l

6.4 Experiment 4: Offline vs. Online Rounds

We compare offline training (single collection, then train on replay) with online rounds (alternate
collection and training). Results are shown in Table

Table 4: Offline vs. online rounds on v3 medium, B=4. Mean =+ std over 5 seeds.
Training Mode Success Rate Std Dev

Offline 0.6125 0.0408
Rounds 0.6070 0.0388

Online rounds roughly match offline training but provide no improvement. In a stationary toy
environment, the student policy does not shift dramatically during training, so online aggregation
offers no advantage. We expect online methods to show benefits in non-stationary settings (where
the environment or task changes) or when rapid online adaptation to distribution shifts is critical.

7 Discussion

7.1 On Intervention Timing vs. Budget Magnitude

The dramatic difference between adaptive B=1 and forced B=8—both achieving ~62% success—
reveals that budgeted steering is fundamentally a targeting problem, not merely a sample efficiency
problem. These results should not be read as evidence that more intervention budget is always bet-
ter. In this prototype, intervention timing dominates intervention count: one well-timed correction
teaches a reusable local decision rule, while additional corrections provide limited marginal benefit
under the current supervised objective.

The mechanism underlying this finding is the combination of task structure and transferable
learning. The v3 medium environment has 6 critical nodes requiring 4 passes. An untrained
student passes each node with baseline probability p ~ 0.25, resulting in a prior success rate near
3%. When the adaptive controller intervenes at a single critical node, it guarantees one pass,
reducing the problem to 3-out-of-5 with the learned student baseline p =~ 0.5. The student learns
this baseline by behavior cloning from teacher-corrected state-action pairs. Crucially, the student
does not memorize individual states but extracts generalizable patterns: the observation space
includes explicit features such as critical flag, progress counter, and remaining node count. When
trained on (s¢,af) pairs from critical moments, BC learns a rule like “when critical flag is high
and risk is elevated, follow the teacher’s action,” which transfers to other critical nodes the teacher
never directly corrected.
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This finding motivates future work on learned trigger policies that adapt to the student’s evolv-
ing competence. Rather than fixed scoring functions, adaptive policies could learn when the student
is most vulnerable and prioritize those moments.

7.2 On KL Distillation Failure

The observation that KL-to-teacher-logits does not improve over BC-only warrants careful investi-
gation. Table [3] shows that adding KL distillation with Ak, = 0.5 slightly decreases performance
from 63.67% to 62.11%. This is a robust negative finding, not mere noise.

We hypothesize that the failure stems from a mismatch between the teacher policy’s structure
and the KL distillation objective. The teacher in our setting provides oracle actions exclusively at
critical nodes and does not offer guidance at non-critical states. Formally, the teacher’s effective
policy is:

d(a*) if s is critical

()

undefined or uniform otherwise

Wteacher(a ’ 3) = {

where §(-) is a Dirac delta (one-hot distribution). This creates two problems when training with
KL:

Problem 1: Teacher logits over-specialize. The teacher’s logits at critical states are
extremely sharp (high confidence in the oracle action, near-zero probability for others). BC directly
optimizes to match this sharp distribution:

LBC = _E[log W@(a* ’ scritical>] (6)
This naturally produces a sharp student policy. However, when we add KL distillation:

LKL = ]E[KL (Wteacher ”77'0)] (7)

KL measures how well mg matches the full distributional shape of Tieacher, N0t just the mode.
The regularization effect of KL encourages 7y to have higher entropy (flatter distribution) to reduce
the divergence. This is because KL penalizes mieacher putting mass on actions where my has low
probability.

Problem 2: Policy flattening reduces decision reliability. Empirically, adding KL causes
the student’s per-node decision accuracy to decrease. While we do not directly measure policy
entropy in this paper, the mechanism is clear: a flatter my is less confident at critical moments,
leading to occasional wrong action sampling, and hence lower overall success rate.

In essence, KL distillation forces the student to match not just the teacher’s optimal action
but also the overall shape of the teacher’s distribution, including regions where the teacher has no
meaningful preference. This dilutes the student’s specialization at critical decisions.

Future directions for KL improvement. To make KL beneficial, future work could:

1. Calibrate teacher logits: The teacher could provide not just oracle actions but also soft
logits that reflect genuine uncertainty or domain knowledge at non-critical states.

2. Temperature scaling: Adjust the teacher logits’ sharpness via temperature T pg;acher(a |
s) = softmax(log preacher(@ | s)/T). A higher T would soften the teacher, reducing the KL
penalty for not matching extreme sharpness.

3. Selective KL: Apply KL only on critical states or only when the student’s confidence is
above a threshold, avoiding non-critical states where the teacher has no signal.
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4. Alternative distillation objectives: Explore advantage-weighted BC, confidence-calibrated
KL, or hindsight relabeling to make corrections more applicable to non-critical states.

The negative result is valuable: it shows that standard policy distillation objectives are not
always beneficial and that careful calibration of the teacher signal is essential.

7.3 On Online Rounds and Non-Stationarity

Online rounds match offline training in this stationary toy environment because the student policy
distribution does not shift significantly during training. The value of online data aggregation likely
emerges in more complex settings:

e Non-stationary tasks: when the environment or goal changes, on-policy data collection
captures new information.

e Distribution shift: when the student improves quickly, the induced state distribution shifts,
and online methods can track this.

e Learned dynamics: when training a forward model, on-policy data improves model accu-
racy more than replay of initial trajectories.

We expect future work to combine online aggregation with more complex benchmarks to reveal
these advantages.

8 Limitations
This work has several important limitations that constrain its scope:

1. Oracle information: The use of environment probe information (criticality, risk) makes this
a controlled study of intervention allocation rather than a deployable risk-estimation system.
The adaptive budget controller has access to ground-truth critical node identities and risk
scores from the environment’s internal state. A real agent would need to infer criticality and
intervention value from observations, learned uncertainty estimates, or online risk predictors.
This design choice allows us to isolate and study the value of timing-aware allocation cleanly,
without conflating it with the separate difficulty of learning to detect criticality. However,
it means the current prototype does not fully solve the end-to-end problem; it serves as an
upper bound on what timing-aware allocation can achieve with perfect information.

2. Toy environment only: Evaluation is restricted to a calibrated long-horizon toy environ-
ment. Success on more complex benchmarks (e.g., MiniGrid, BabyAI, ALFWorld, or robotic
manipulation) would strengthen claims about practical applicability. The toy environment
is useful for controlled study but does not reflect real-world complexity and emergent failure
modes.

3. Negative findings as positive insights: KL distillation and online rounds do not improve
performance in this setting. These are valuable negative findings that guide future work,
not failures of the prototype. They indicate that standard distillation and online learning
objectives may need redesign for the budgeted intervention setting. Specifically, teacher
logits calibration is an open problem that deserves future investigation.
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4. Oracle teacher: The teacher provides oracle actions at critical nodes. Learning from im-
perfect or noisy teacher corrections—a realistic scenario—remains an open problem.

5. Static budget: The budget B is fixed per episode. Adaptive allocation of budget across
multiple episodes or hierarchical budgeting (e.g., per-subtask) is not explored.

6. Limited distillation exploration: We tested only one KL coefficient (Agy, = 0.5) and
did not explore temperature scaling or selective KL.. While our analysis explains the failure
mechanism, a more thorough hyperparameter sweep could potentially reveal settings where
KL is beneficial. However, the core finding—that naive KL application is harmful—is robust
across different initializations and seeds.

9 Conclusion

We have presented a prototype system for budgeted human steering in long-horizon agents. The
key finding is that intervention timing dominates raw budget magnitude: one adaptive intervention
can achieve what requires eight forced interventions. The effectiveness arises from the combina-
tion of task structure (sparse critical nodes) and transferable learning (BC extracts generalizable
decision rules). However, additional budget exhibits diminishing returns under current distillation
objectives, and neither KL distillation nor online training improves over simpler baselines.

This work contributes:

1. A formal problem formulation for budgeted human steering.

2. A simple, reproducible prototype combining adaptive allocation, local interventions, and pol-
icy distillation.

3. A calibrated toy environment that avoids ceiling and floor effects.

4. Clear empirical evidence that timing matters more than budget magnitude, with mechanistic
understanding of why.

5. Honest reporting and mechanistic analysis of negative findings (KL failure, online non-
benefit).

Future work should investigate: (1) learned trigger policies instead of hand-crafted scoring
functions, (2) non-toy benchmarks such as robot navigation or web interaction tasks, (3) better
distillation objectives that leverage teacher corrections more effectively (e.g., temperature-scaled
KL, selective KL on critical states), (4) end-to-end learned risk and criticality estimation, (5)
handling of imperfect or noisy teacher signals.

We believe budgeted steering is a promising direction for sample-efficient human-guided learn-
ing, and we hope this prototype, diagnostic study, and mechanistic analysis will accelerate progress
in the field.
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