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Abstract

Robot learning has produced increasingly capable gener-
alist policies, yet a policy that succeeds on 95-99% of in-
dividual actions can still be operationally unreliable over
long-horizon deployments, where small per-decision error
rates compound. We argue that the central deployment ques-
tion is not when will robots stop failing but what should
happen when they do, and that the answer is a missing
component of the robotics stack: an intervention layer sit-
ting between autonomous policy execution and the physical
world. The layer observes the robot, decides when auton-
omy should surrender control, routes control to a recovery
mechanism (today, a remote human operator), and returns
control to autonomy—while recording each failure and re-
covery as structured training data. We present the reliability
model behind this architecture, showing that system relia-
bility p + (1 — p)r can exceed policy reliability p; describe
the human-assisted implementation currently operated at
Northstar with ~150 ms end-to-end latency; characterize
typical failure modes; and give a queueing approximation
for operator leverage across a fleet. We connect the approach
to interactive imitation learning (DAgger, ThriftyDAgger,
HIL-SERL) and to recent learned failure detectors (AHA,
RoboFailRing, Foresight), and propose a staged path from
human recovery to autonomous recovery in which human
seconds per robot-hour becomes a primary deployment met-
ric.

1 Introduction

The dominant question in robotics has been: how do we
make the policy better? That question has produced enor-
mous progress. Robot learning has moved from narrow,
task-specific systems toward generalist policies trained on
increasingly diverse datasets. Open X-Embodiment, for ex-
ample, brought together data from 22 robot embodiments
and hundreds of skills, helping show that experience can
transfer across robots rather than staying trapped inside one
platform [1].

Deployment creates a different problem. A robot can be
impressive in a benchmark, or even succeed on a task 95 or

99 percent of the time, and still be operationally unreliable.
Real deployments are long-horizon. They involve repeated
decisions, changing objects, imperfect lighting, humans
entering the workspace, occlusions, wear, latency, and states
that were underrepresented or absent from training.

The right deployment question is therefore not “When
will robots stop failing?” but “What should happen when
they do?” We argue that this question points to a missing
piece of the robotics stack: an intervention layer between
autonomous policy execution and the physical world.

The purpose of this layer is simple: detect when auton-
omy is no longer trustworthy, stop or pause the policy, route
control to a recovery mechanism, recover the task, and re-
turn control to autonomy. Today that recovery mechanism
can be a human; over time, more of it can become automated.
The important consequence is that a failure no longer has to
terminate the deployment.

Contributions. This paper (i) formalizes the distinction
between policy reliability and system reliability, (ii) posi-
tions intervention as a deployment primitive rather than
only a training technique, (iii) describes a working human-
assisted intervention architecture, (iv) characterizes repre-
sentative failure modes and the structure of intervention
data, (v) derives operator-leverage economics for fleets, and
(vi) proposes a staged path toward autonomous recovery.

2 Reliability Is Not Autonomy

Suppose a long-horizon robotic task requires 100 sequential
decisions. If each decision is independently correct 99% of
the time, the probability that all 100 decisions are correct is

0.99'% ~ 36.6%. 1))

This is a simplified model: real robot actions are not inde-
pendent, and not every local error causes task failure. But
the intuition matters—small error rates compound (Fig. 1).
A policy can look excellent at the level of individual actions
and still be difficult to operate continuously.

This is one reason the robotics industry may be over-
indexing on autonomy as the primary deployment metric.
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Figure 1: Small per-decision error compounds over long-horizon
tasks. Even a 99% per-decision success rate yields only ~37%
end-to-end success over 100 sequential decisions.
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Figure 2: Intervention can raise system reliability before autonomy
is perfect. Curves show Eq. (3) for several recovery rates 7.

The end customer usually does not care whether every action
was generated autonomously. They care whether the box
was packed, the part was inserted, the shelf was stocked, or
the machine stayed running. That suggests a more useful
framing:

System Reliability # Policy Reliability. 2)

A system can be more reliable than the policy inside it if
it has a mechanism for catching and recovering failures. If
an autonomous policy succeeds with probability p, and an
intervention system successfully recovers a fraction r of the
remaining failures, a simple model of system success is

P(system success) = p + (1 — p) . 3)

An 80% policy combined with a mechanism that recov-
ers 95% of its failures yields 0.80 + (0.20)(0.95) = 0.99
(Fig. 2). This is not a claim about any deployed Northstar
system; it is the reliability math behind the architecture. The
goal of intervention is not to pretend the underlying model
is better than it is. It is to make the whole system robust
enough to operate while the model is still improving.

3 Related Work: Intervention as In-
frastructure

Interactive robot learning has studied human corrections
for years. DAgger [2] addressed a fundamental problem
in imitation learning: a learned policy visits states induced
by its own mistakes, not only the clean states shown in an
offline demonstration dataset. DAgger repeatedly collects
expert actions on states visited by the current policy and
aggregates them back into the training set. That idea is
directly relevant to deployed robots: the most valuable data
may not be another perfect demonstration from the center of
the training distribution, but the corrective action required
after the learned policy has already put itself into a bad
state.

Later work made intervention more selective.
ThriftyDAgger [3] introduced a switching policy that asks
for human help in states judged sufficiently novel or risky;
in its reported tasks it achieved 100% execution success
with interventions enabled and explored how a human
could supervise a fleet rather than one robot continuously.
Human-in-the-loop RL pushes in a similar direction:
HIL-SERL [4] uses teleoperated demonstrations, then
allows a human to intervene during online learning, with
the intervention burden designed to decrease as the policy
improves.

The core ingredients therefore already exist in research:
arobot policy acts, a supervisor detects risk or error, control
switches, a corrective trajectory is produced, and that trajec-
tory can improve the policy. What remains underdeveloped
is treating this as a deployment primitive rather than only
a training technique.

4 What the Intervention Layer Does

A useful intervention layer has at least four responsibilities:
1. Observe the robot and its environment.

2. Decide when autonomy should no longer retain control.
3. Route and execute recovery.

4. Record the failure and recovery as structured data.

At Northstar, the system currently being built is human-
assisted (Fig. 3). A human monitor watches the robot
through an external camera positioned to provide a first-
person-like view of the task, together with two wrist-camera
streams. When the monitor determines that the autonomous
policy is failing, the monitor sends a stop/intervention re-
quest to a relay. The relay instructs the robot to stop au-
tonomous execution and routes the session to a remote oper-
ator. The operator uses VR controllers; the operator’s hand
pose is sent to the relay, where inverse kinematics converts
it into commands the robot can execute. The robot returns
camera streams and joint positions through the relay, closing
the teleoperation loop.

We have operated this loop from India with roughly
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Figure 3: Current human-assisted intervention architecture. A monitor watches an external first-person-like view plus two wrist cameras;
on failure, a stop request routes the session through the relay to a VR teleoperator whose hand pose is converted to joint commands via
inverse kinematics. Red edges are control-path signals; blue edges are observation streams.

150 ms of end-to-end latency. Recovery time varies sub-
stantially by task and failure type, which is why “average
intervention duration” is not yet a meaningful number with-
out a much larger deployment dataset.

The monitoring process is human-assisted rather than
fully automated. That is intentional: if the purpose of an
intervention layer is to decide when an autonomous system
should surrender control, false negatives matter. A system
that confidently fails to recognize its own failure can be
worse than one that admits uncertainty.

5 A Failure Should Become a Train-
ing Example

The intervention layer is interesting as reliability infrastruc-
ture. It becomes more interesting when the intervention
itself is treated as data. For each intervention we can record:
the task and subtask attempted; when the failure began and
why it was classified as a failure; joint positions around
failure onset; camera observations before and during failure;
timestamps for intervention request, policy stop, teleoper-
ator takeover, return to a recoverable state, and autonomy
resumption; and the corrective trajectory itself.

The resulting example is not simply (state, expert action).
It is closer to

normal execution — failure onset — failed state

— corrective trajectory — recovered state. (4)

This is a particularly useful slice of the state distribution
because it is generated by the policy’s own weaknesses.
A large pretraining dataset tells a robot what successful
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Figure 4: The intervention data flywheel. If learning is working,
the intervention burden declines as deployment scales.

behavior looks like across many situations. Intervention
data tells it: here is exactly where your current policy broke,
and here is how a human got you out.

This is closely related to the motivation behind DAgger
and corrective imitation learning: the states generated by
the learner’s own behavior differ from those in the original
expert dataset [2]. Work on corrective demonstrations has
also shown that targeted corrections can be more useful than
simply collecting more randomly sampled demonstrations
under some data regimes [5]. In a deployed fleet the process
becomes continuous (Fig. 4): more deployment creates more
edge cases, more edge cases create more interventions, more



Table 1: Representative failure modes and their recoveries.

Failure Mechanism

Double Friction lifts two gar-

grasp ments; policy trained on
single grasps continues
as if holding one

Human recovery

Separate items, re-
store familiar state,
hand back

Misaligned Connector approached Retract, rotate, re-
insertion mm off-axis; rigid pol- align, insert

icy pushes harder with-

out progress
Slipped ob- Grasp becomes unsta- Catch slip early, re-
ject ble; observation lags or  grasp

misclassifies
Occluded Worker/tool blocks a  Pause, reposition, or
workspace critical view; perception ~ wait

degraded
Novel obsta-  Cart/pallet/cable absent  Drive through, re-
cle from training; policy os- turn to known state

cillates or stops

interventions create more recovery data, better recovery
data improves the policy, and a better policy requires fewer
interventions.

6 What Failures Actually Look Like

“Robot failure” sounds dramatic; most failures are not. Often
they are mundane distribution shifts. Table 1 lists represen-
tative examples. These are exactly the kinds of states that
are difficult to enumerate in advance: the physical world is
an adversarial generator of edge cases.

7 Detection Will Automate Before Re-
covery

The weakest part of a human-assisted system is obvious:
requiring a person to continuously watch every robot does
not scale. Failure detection itself, however, is becoming an
active research area. AHA [6] trained a vision-language
model specifically to detect and reason about manipulation
failures, and its failure feedback improved downstream task
performance when integrated into several robotic frame-
works. RoboFailRing [7] evaluated failure detection across
more than 6,000 simulated failure trajectories spanning 81
manipulation tasks, reporting 80% average success on out-
of-distribution failure detection and substantially faster de-
tection than its baseline, with additional real-world evalu-
ation. Foresight [8] uses action-conditioned world-model
representations to monitor long-horizon manipulation and is
trained using only final task-level success or failure labels,
rather than dense failure annotations.

These systems do not show that failure detection is solved;
they show that the “monitor” can become a learned compo-
nent. That suggests the progression in Fig. 5: (1) humans
detect and recover; (2) models detect, humans recover; (3)
models detect and propose recovery, humans approve or
edit; (4) models detect and recover common failures, hu-
mans handle the tail. The human does not need to disappear
for the economics to improve dramatically—the fraction of
events requiring human attention only needs to fall.

8 Fleet Economics: One Operator,
Many Robots

If a teleoperator is permanently driving one robot, we have
built remote labor, not autonomy. The scalable model is
different: robots operate autonomously most of the time,
and operators are a shared recovery resource. Suppose
each robot requires ) interventions per hour, the average
intervention takes s seconds, and an operator should stay
below target utilization u to leave headroom for bursts. A
rough operator capacity is

u

N~ As/3600° )
This is not a fleet-sizing formula; real systems must account
for correlated failures, geographic latency, task specializa-
tion, safety constraints, shift schedules, and queueing delay.
But it shows which variables matter (Fig. 6). If interventions
average 20 s and each robot asks for help twice per hour,
the direct workload is only about 40 s of operator time per
robot-hour. Where failures are sparse and uncorrelated, one
human can support many autonomous systems.

The long-run objective is therefore not just to reduce
policy failure rate, but to reduce human seconds required
per robot-hour. That may be one of the most important
deployment metrics for general-purpose robotics.

9 A New Optimization Target
A robotics company traditionally optimizes policy success
rate. An intervention system introduces a richer set of oper-

ational metrics (Table 2).

Table 2: Operational metrics introduced by an intervention layer.

Category  Metric

Frequency  Failures per robot-hour

Detection % of failures detected; onset-to-detection time
Handoft Detection-to-handoff time

Recovery  Recovery duration; recovery success rate

Leverage Interventions per operator-hour; human s / robot-h
Learning % repeated failure modes; % later auto-recoverable
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Figure 5: A plausible path from human recovery to autonomous recovery. Red bars indicate the (illustrative) share of events requiring

human attention.
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Figure 6: Operator leverage depends on intervention frequency A
and recovery time s (Eq. (5), u = 0.7).

Consider two policies. Policy A succeeds autonomously
96% of the time but fails unpredictably and catastrophically.
Policy B succeeds 92% of the time, but its failure modes
are easy to detect, easy to recover, and rapidly disappear
after collecting corrections. Which is easier to deploy?
The answer is not obvious from task success rate alone.
Deployability depends on the joint system:

policy + monitoring + handoff + recovery + learning. (6)

That is the intervention layer.

10 Why This Matters Now

Robotics is improving on two fronts simultaneously. Gen-
eralist policies are becoming more capable through larger,
more diverse datasets and better architectures [1], and the
research community is beginning to treat uncertainty, failure
detection, human intervention, and recovery as first-class
problems [3, 4, 6, 7, 8]. Those trends should converge. The

future robot stack may look less like Model — Robot and
more like

Model — | Reliability / Intervention Layer ‘ — Robot.
)
The box in the middle observes what the policy is doing,
determines whether autonomy should retain control, brings
in assistance when required, logs the event, and gradually
learns to resolve more failures on its own.

This is conceptually similar to fault tolerance in other
engineering systems. Distributed software did not become
reliable by assuming servers would never fail; it became
reliable through retries, monitoring, failover, redundancy,
alerts, rollback, and incident response built around imperfect
components. Robotics will need its own version of that
philosophy. A robot is not reliable because its policy never
fails; it is reliable when failure is an expected state that
the system knows how to handle.

11 The End State Is Not More Teleop-
eration

It would be easy to misread the intervention layer as a bet on
humans remotely operating robots forever. The opposite is
more interesting: the teleoperator is a bootstrapping mecha-
nism. Human recovery provides a high-quality answer to a
difficult question—given that the robot has already reached
this unusual failure state, what sequence of actions returns
it to a useful state? Repeated across a fleet, those answers
become a recovery dataset. Eventually the system should
recognize recurring failure modes, retrieve similar recov-
eries, predict corrective actions, ask a human for approval,
and finally execute some recovery classes autonomously:

Failure — Human recovery — Recovery data

— Recovery policy — Autonomous recovery. (8)



Humans keep moving outward toward the tail of the distri-
bution. The purpose of human intervention is not to hide
the weakness of autonomy; it is to turn the failures of
autonomy into the data required to improve it.

12 Conclusion

Robotics does not need to wait for perfect autonomy. It
needs systems that can survive imperfect autonomy. A ro-
bust intervention layer can (1) keep a robot productive when
the policy encounters a state it cannot handle, (2) make one
human a shared reliability resource across a fleet, and (3)
convert failures into targeted training data. The underlying
policy should keep improving, the monitor should become
increasingly automated, recovery models should absorb re-
curring corrections, and human intervention should become
rarer—but the broader architecture may remain. Autonomy
handles the common case; the intervention layer handles
the tail. For physical Al the tail is where deployment gets
difficult.
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