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Abstract— Robot manipulation policies are improving
quickly, and real-robot evaluation remains the standard ev-
idence for that progress. It still relies on a human to reset
the scene between rollouts, which consumes operator time
and leaves the initial state distribution unspecified, so results
reproduce poorly. A recent system, AutoEval, automates both
reset and scoring, but only for single-step tasks, because a
long-horizon rollout can terminate in combinatorially many
configurations that no single learned reset policy covers. We
present HALTER, a Harness for Autonomous Long-horizon
Task Evaluation and Reset, which restores the scene by
planning over a library of learned atomic reset skills, so
demonstration cost scales with the size of that library rather
than with the number of terminal states. HALTER builds
a spatial scene graph online from point clouds and vision
foundation models, and an LLM reasons over this graph to
score the rollout, plan the reset, and verify that the reset
succeeded, without collecting labeled success images for any
task. On four long-horizon tasks on a Franka arm, HALTER
restores the scene in 76% of episodes, against 52% for AutoEval
and 65% for a motion-planning reset, and it estimates the
completed-skill fraction correctly in 90% of episodes, against
76%. Its reset-verification verdict is correct in 91% of episodes,
compared with 78% for AutoEval. It also cuts the operator time
of an evaluation campaign by 72% relative to manual reset. We
further measure compositional generalization on three held-
out tasks, where HALTER resets 74.7% of episodes against
1.3% for a per-task reset policy, and we ablate the scene
representation and the graph update rate. Project website: link.

I. INTRODUCTION

Robot learning algorithms have advanced rapidly in recent
years, and manipulation policies now handle an increasingly
broad range of tasks [1]–[4]. As the number of such policies
grows, fair and efficient evaluation becomes the foundation
on which the field measures progress. Simulation already
supports this. A simulator restores the scene to a common
initial distribution before every trial and executes many roll-
outs in parallel, which makes evaluation both reproducible
and inexpensive [5]–[7]. Real-robot evaluation lags well
behind. The operator restores the initial state according to
individual judgment, so the initial state distribution remains
unspecified and results reproduce poorly across trials and
across laboratories [8], [9]. Restoring every object by hand
also consumes substantial operator time, which bounds how
many rollouts a campaign can afford (Fig. 1, left). Even
recent real-robot benchmarks still depend on manual reset,
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Fig. 1. Real-robot evaluation alternates a rollout with a reset (left). A
human reset costs operator time and leaves the initial state unspecified, and
an automated reset removes the human for single-step tasks. A long-horizon
rollout, however, stops in many different terminal states (right): this four-
step task fails at opening the drawer (1), at removing the lemon (2), in transit
(3), and at closing the drawer (4). Covering them breaks both parts of an
automated reset, because a monolithic reset policy needs demonstrations
that grow with the number of terminal states, and a single-image success
checker reads spatial relations unreliably.

and they identify it as a non-parallelizable bottleneck on
evaluation scale [10], [11].

AutoEval [12] removes the human operator from this loop.
It learns a task-specific reset policy and success classifier,
which lets it evaluate policies continuously without super-
vision. This design assumes that a rollout ends in a narrow
set of configurations, which holds for the single-step tasks it
targets. Long-horizon tasks violate that assumption. A policy
may fail at any skill, and a single task often admits many
valid skill orderings, so the set of reachable terminal states
grows combinatorially with the length of the task (Fig. 1,
right). Learning one reset policy that covers all of them is
impractical, because it would require a combinatorial number
of demonstrations [13]. We therefore ask: how can a system
automatically reset the scene for long-horizon manipulation
tasks in real-world robot experiments?

We present HALTER, a system that evaluates long-horizon
manipulation policies on real hardware with little human
intervention. HALTER removes this blocker with a hierarchi-
cal reset, in which a high-level planner sequences low-level
atomic skills to restore the scene. Demonstration cost then
scales with the size of the skill library rather than with the
number of terminal states, because the planner recombines
a fixed set of skills instead of learning a separate policy
for every state. Such a design depends on understanding the
scene state, which HALTER needs in three places: scoring
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the rollout, planning the reset, and verifying that the reset
succeeded.

Recent systems commonly ask a vision-language model
to read the scene state directly from images [12], [14]. An
image, however, leaves object geometry implicit in its pixels,
and current VLMs read the fine spatial relations [15], [16]
that all three steps require unreliably. HALTER therefore
separates perception from reasoning. It recovers geometry
from point clouds and vision foundation models [17], [18],
assembles the result into a spatial graph over objects and
their relations, and leaves the reasoning over that graph to
an LLM, so each component operates where it is strong.
HALTER builds this graph online as the rollout proceeds.
The scene is only partially observable from any single view,
so temporal information is essential. Online construction
aggregates observations across the horizon, which lets the
graph retain state that is observed at one moment and
occluded later. On four long-horizon tasks on a Franka arm,
HALTER resets the scene more reliably than both a per-task
reset policy and a motion-planning reset, and it extends to
held-out tasks without new demonstrations.

We make the following contributions:
• We present the first framework for automatic evalua-

tion of long-horizon manipulation tasks on real robots,
which restores the scene with a hierarchical planner over
atomic reset skills.

• We propose a graph-based scene state estimator that
pairs point clouds and vision foundation models with
LLM reasoning, and requires no per-task trained clas-
sifier.

• We evaluate HALTER on a Franka arm across four
long-horizon tasks, where it restores the scene in 76%
of episodes against 52% for a per-task reset policy and
65% for a motion-planning reset. On three held-out
tasks the planner recombines the same skill library into
new reset sequences, so a held-out task costs no new
demonstrations, and an ablation shows that the scene
graph accounts for the gain.

II. RELATED WORK

A. Real-Robot Policy Evaluation

Early real-robot benchmarks focused on reproducibility.
REPLAB [19] standardizes the hardware and fixes a protocol
for scattering the objects, and SceneReplica [8] generates
scenes in simulation and has an operator rebuild them on the
table. FurnitureBench [20] carries the idea to long-horizon
assembly. These benchmarks constrain the initial state, but
a person still produces it before every rollout, and rigorous
protocols still rely on human raters to judge the outcome [9].

A more recent line targets the operator time that these
protocols require. RoboDojo [10] centralizes the hardware
and opens it to remote submission, while RoboArena [21]
distributes evaluation across institutions and raters. Both keep
the human in the loop, so they raise throughput without
lowering the cost of a single rollout. AutoEval [12] re-
moves the operator instead, learning a reset policy and a

success classifier for each task, which its single-step setting
makes tractable. Concurrent systems also reset real scenes
without a human, for data collection and for policy self-
improvement [22]–[24], though each prepares the reset for a
task fixed in advance, by inverting the plan it just executed
or by synthesizing a routine for that task. HALTER instead
plans the reset at run time from the estimated terminal state
of an external policy that may fail at any subgoal. The word
harness also carries a different sense in recent work: Harness
VLA [25] and Guava [26] wrap a manipulation policy in
order to steer it, whereas HALTER wraps one in order to
measure it.

B. Long-Horizon Manipulation
Long-horizon manipulation is commonly solved by com-

position. Task and motion planning sequences predefined
skills under a symbolic planner [27], [28]. Learned variants
replace those skills with policies: LEAGUE [29] lets a
symbolic planner guide skill learning, GSC [30] chains skills
with diffusion models, and NOD-TAMP [31] transfers them
through neural object descriptors. Plan-Seq-Learn [32] and
ManipGen [33] pair a language-model planner with learned
local policies. Scene graphs serve such planners as the state
representation: Zhu et al. [34] plan long-horizon manipu-
lation over geometric and symbolic scene graphs, Moma-
Graph [35] builds state-aware scene graphs with vision-
language models for embodied task planning, and Yu et
al. [36] read a scene graph to detect a failure and replan
around it. HALTER reuses this machinery and claims only
the reset system that it supports. Composition is attractive
for one reason. The number of distinct configurations a task
can reach grows with its horizon, so any method that needs
data or code for each configuration stops scaling, while a
fixed skill library recombines into many of them.

Recent policies extend the horizon inside a single model
instead. Long-VLA [37] and RoboTTT [38] scale a single
policy to tasks with many stages, and they meet the same
growth. LiLo-VLA [13] and BOSS [39] show that such a
rollout can break at any subgoal, so the configurations a
policy leaves behind multiply with the number of subgoals
the task contains. Foresight [40] detects failures from rollout
history, and REFLECT [41] explains them and prompts a
planner to correct the task. Neither restores the scene for the
next rollout. HALTER composes skills in the same way, but
to undo the rollout rather than to perform it.

III. METHODOLOGY

We present HALTER in four parts. Section III-A formal-
izes the task, the rollout, and the reset problem, and it identi-
fies the three questions that an autonomous evaluation system
must answer. Section III-B presents the hierarchy HALTER
uses to reset the scene. Section III-C describes the scene
representation, and Section III-D describes how HALTER
answers the three questions from that representation.

A. Problem Formulation
A natural language instruction x specifies a long-horizon

manipulation task. Following the task and motion planning



Fig. 2. Overview of HALTER. During a rollout, HALTER samples multi-view RGB-D keyframes, recovers a point cloud for every object, and serializes
the result into a scene-graph history (right). A shared LLM interface reads that history to score task completion, to plan the reset, and to verify it (top
left), and the planner composes atomic skills from the library into the plan that the robot executes (bottom left). Black arrows give the execution order,
green marks the graph construction, and brown marks the hierarchical reset.

(TAMP) formulation [28], we write the task as a set of
atomic skills S = {a1, . . . , aH} together with a causal partial
order ≺ that their preconditions and effects induce, where
each skill ah applies an operator such as Pick or Open
to a reference object oh. Any total order consistent with ≺
executes the task correctly, and we write Lin(S,≺) for the
set of these linearizations. At each step a policy π under
evaluation observes an RGB image It and the proprioceptive
state qt, and it emits an action ut. A rollout starts from a
physical scene state s0 and ends at a terminal state sT .

Evaluating a policy requires repeated rollouts
from the same initial condition. We specify that
condition by relations between objects rather than
by object poses, C0 = {rj(oj , o′j)}, for example
{on(lemon,plate),on(plate,table)}. Such a
target constrains the relations and leaves each object pose
free to vary within them. We state the problem this work
addresses as follows. Reset problem: given the terminal
state sT of a rollout and a target C0, find a sequence of
robot actions that carries the scene from sT to a state s
satisfying s |= C0.

Repeating this process autonomously raises two subprob-
lems. (P1) Terminal state coverage. A policy under eval-
uation can fail at any skill, and it can follow any of the
linearizations in Lin(S,≺), so the number of terminal states
a rollout can reach grows combinatorially with the task
length H . Any reset that maps a terminal state directly to
actions has to cover that set, and the demonstrations it needs
grow with it. (P2) Scene state estimation. Meanwhile, the
system has to read the state of the scene at three points:
(A) which skill effects held during the rollout, which gives
a completion score Scomp ∈ [0, 1], the fraction of the H
skills the rollout completed; (B) what the robot must do to
bring the scene to a state satisfying C0; and (C) whether the
state the robot reaches satisfies C0. All three read the same
object: (A) and (C) evaluate relations on the scene state, and
(B) plans over it.

B. Hierarchical Reset

Subproblem (P1) shows that any reset which maps a
terminal state directly to actions needs data that grows with
the number of reachable terminal states. HALTER therefore
separates the reset into two layers. Fig. 2 (bottom left)
shows the resulting two layers. At the low level, instead of
preparing a complete reset policy for each terminal state,
we prepare a set of atomic skills K = {k(1), . . . , k(M)},
where each skill performs one thing, such as picking up an
object or closing a drawer (we assume this set suffices to
return any reachable terminal state to a state satisfying C0).
This library is its own set and need not coincide with the
skills S that the evaluated task performs. The amount of data
then depends on the size of the skill set rather than on the
number of terminal states. We learn these skills with a VLA,
because one VLA architecture covers diverse skills that act
on different kinds of objects, from rigid objects to containers
to articulated objects. At the high level, a planner reads the
current scene state and the target C0, decides which skills to
invoke and in what order, and emits an ordered reset plan
P = (k1(α1), . . . , kN (αN )). The same set of skills therefore
composes into different reset sequences for different terminal
states.

C. Scene Graph Construction

Subproblem (P2) requires the system to read the state of
the scene at three points. A raw image leaves object geometry
implicit in its pixels, and a raw point cloud carries geometry
without grounding it on named objects, so neither supports
the relation tests that (A) and (C) perform nor the search
space that (B) needs. HALTER therefore represents the scene
as a spatial graph [34]–[36], which states objects, their metric
attributes, and the relations between them explicitly, so that
(A) and (C) evaluate relations directly on the graph and (B)
grounds every step of its plan on a named object. HALTER
builds one graph from each sampled RGB-D frame, as Fig. 2
(right) shows. Given the names of the task-relevant objects,
it segments every object instance in the RGB image with an
open-vocabulary segmentation model [42], [43], projects the



resulting masks into the registered depth image, and recovers
a point cloud for each object. A node carries an object label
together with geometric attributes that HALTER derives from
that point cloud, such as position and spatial extent. For the
edges, we design a set of geometry-based functions that take
a pair of object point clouds and annotate the pair with a
spatial relation such as on, in, or under. These functions
read geometric quantities alone, so the same scene always
yields the same annotation.

The moment at which HALTER builds these graphs mat-
ters as much as their content. The environment is partially
observable by nature: the state inside a container or a drawer
does not become visible by adding cameras or changing
viewpoints. Observing the scene only after a rollout ends
therefore cannot recover the state it stopped in. For example,
no camera placement reveals whether the lemon sits inside
a closed drawer. Reset has an advantage here, because it
always follows a rollout that the system could observe from
beginning to end, and the information that resolves such
ambiguity is visible at the moment the state changes. This
history is available to any evaluation system, yet only a
system that accumulates state while the rollout runs retains it.
HALTER therefore builds a graph at a fixed sampling rate
during the rollout instead of estimating the state after the
rollout ends. When an object becomes occluded, HALTER
keeps its most recent valid observation together with the
relations it supports, and updates both when the object
reappears. The resulting sequence of graphs is the common
input to the three uses in Section III-D.

D. Scoring, Planning, and Verification

HALTER uses an LLM for all three reasoning steps
(Fig. 2, top left). It serializes each graph into object records
and relation triples, so the three steps read the same input
and differ only in their prompt.

Evaluation first has to report what the rollout achieved.
The LLM reads the instruction and the graph sequence,
decides for each skill whether its effect held at some point
during the rollout, and returns Ŝcomp. The graph sequence
matters here, because the effect of a skill can hold in the
middle of a rollout and then become occluded or undone,
and a reading taken at the terminal state alone misses it.

Once the rollout is scored, the scene has to return to C0,
and the hierarchy of Section III-B assigns that decision to a
planner above the skill library. The LLM reads the current
state from the graph sequence, together with C0, the skill
library K, and a set of reference cases, and it returns the
ordered reset plan P . Every skill argument in the plan names
a node that the graph already contains, so the plan is a
sequence the robot can execute rather than a description.
The LLM chooses which skills to call and in what order,
and the VLA skills produce the actions.

Executing a plan does not guarantee that the scene reached
C0. HALTER therefore verifies at two levels. After each skill
it checks whether the expected effect of that skill appears
in the new graph. A missing effect stops the plan, because
the remaining skills assume that this one succeeded. When

the plan runs to completion, HALTER checks the final graph
against C0, and it requests human intervention if either check
fails. Without this verification, the next rollout could begin
from an unverified state. Checking the graph stands as a
proxy for checking the physical scene.

IV. EXPERIMENTS

Our experiments ask three questions. (Q1) Does HALTER
make autonomous evaluation of long-horizon tasks work
with little human involvement? (Q2) Does the reset hierarchy
transfer to held-out tasks without new demonstrations? (Q3)
Does the scene graph of Section III-C account for these
results? Section IV-A and Section IV-B describe the setup,
and the three subsections that follow answer the questions
in order.

A. Experimental Setup

1) Tasks: We evaluate on four long-horizon tasks in two
tabletop scenes, which Fig. 3 shows. In the drawer scene,
Drawer-Store opens the lower drawer, places a lemon inside,
and closes it, and Drawer-Retrieve opens the drawer, takes a
strawberry out, and places it on a plate. In the stove scene,
Pot-Cook places a stock pot on the stove and cooks a carrot in
it, and Pan-Cook places a pan on the stove and cooks a carrot
in it. Every task takes several dependent steps, so a rollout
can stop in many partially completed states, and each of them
calls for a different reset sequence. For each of the four long-
horizon tasks and three held-out tasks, all compared reset
methods evaluate rollouts generated by the same task-specific
BESO [44] policy checkpoint. Each rollout terminates when
it completes the task or reaches a fixed time limit. We run
25 episodes for every task and method.

2) Real-Robot Setup: All experiments run on a Franka
Panda 7-DoF arm with a Robotiq 2F-85 parallel gripper.
Three RGB-D cameras observe the workspace: two DepthAI
OAK-D Lite cameras, one at the side of the table and one
on the gripper, and one ZED camera on the opposite side.

3) Baselines: We compare HALTER against two systems.
AutoEval [12] learns one task-specific reset policy per task.
To hold the LLM backbone constant, we use the same LLM
as HALTER for task scoring and post-reset verification. Its
reset policy is an X-VLA [45] fine-tuned on complete reset
trajectories, with 30 to 40 demonstrations for each failure
case and for the successful case. MP skills keeps every
component of HALTER except the skills themselves, and
executes each planned skill with a motion-planning stack:
GraspNet generates the grasp pose and CuRobo plans the
motion that reaches it.

4) Metrics: Scoring accuracy is the fraction of episodes
whose predicted completion score Ŝcomp matches the man-
ually annotated completed-skill fraction. Plan validity is
the fraction of episodes with a valid reset-skill sequence
for restoring C0; it does not apply to AutoEval, which
emits actions rather than plans. Verification accuracy is
the fraction of episodes in which the post-reset verification
verdict matches the manual annotation of whether C0 was
restored. Reset SR is the fraction of episodes whose reset



Fig. 3. Four evaluated long-horizon tasks across two tabletop scenes.

restores C0, according to the manual final-scene annotation.
All four metrics use 25 episodes per task, and the main-
task averages pool 100 episodes. Uncertainties are binomial
standard errors over episodes. The last three metrics measure
cost. Interventions counts episodes requiring a human, cycle
time is the wall-clock seconds per episode, and operator
time charges every intervention the cost of one manual reset.

B. Implementation Details

1) Reset Skill Policies: For each atomic skill in K, we
train two X-VLA policies using 30 to 50 demonstrations per
skill. The drawer-related tasks require six skills: Open the
lower drawer, Close the lower drawer, Put the lemon from
the drawer back on the plate, Put the lemon from the table
back on the plate, Put the strawberry from the plate back in
the drawer, and Put the strawberry from the table back in
the drawer.

The kitchen-related tasks likewise require six skills: Put
the pot lid back in place, Put the stock pot from the stove
back in place, Put the stock pot from the table back in place,
Put the pan from the stove back in place, Put the pan from
the table back in place, and Put the carrot back in the sink.

2) Scene Graph Construction: HALTER samples RGB-
D keyframes at 0.5 Hz, segments task-relevant objects us-
ing GroundedSAM [42], [43], and projects the resulting
masks into the registered depth image to recover object-level

point clouds. It infers spatial relations from world-coordinate
bounding boxes: on from vertical proximity and horizontal
support, in from volumetric containment. Drawer states are
determined from their positions along the world y-axis.

3) LLM Prompting: We use Qwen3.5-397B for task-
completion scoring, reset planning, and reset verification,
with a stage-specific prompt for each function. For each task,
the scoring and planning prompts contain four task-specific
rollout reference cases: one successful execution and three
failed executions. Each case pairs a chronological scene-
graph history with the corresponding reset-skill sequence.
Reset verification uses four successful, skill-specific refer-
ence cases. The rollout cases are defined separately for each
task, whereas reset cases can be reused across tasks that
invoke the same atomic skill.

C. Autonomous Evaluation and Reset (Q1)

Table I reports the main results. HALTER restores the
scene in 76.0% of the episodes, which is 24 points above
AutoEval and 11 points above MP skills. Pooled over the 100
episodes, the gap over AutoEval is more than three standard
errors. AutoEval trains one reset policy on demonstrations
that span a whole long-horizon reset, and a single policy
degrades as that horizon grows, whereas every skill of
HALTER covers one step. MP skills shares the scoring
and the planning of HALTER, so the table compares it



TABLE I
MAIN RESULTS ON THE FOUR LONG-HORIZON TASKS.

Task (%)

Method Metric Drawer-Store Drawer-Retrieve Pot-Cook Pan-Cook Avg (%)

AutoEval

Scoring accuracy 72 64 80 88 76.0 ± 4.3

Plan validity - - - - -
Verification accuracy 76 80 80 76 78.0 ± 4.1

Reset SR 52 64 16 76 52.0 ± 5.0

MP skills Reset SR 68 76 72 44 65.0 ± 4.8

HALTER (ours)

Scoring accuracy 100 96 80 84 90.0 ± 3.0

Plan validity 92 84 72 88 84.0 ± 3.7

Verification accuracy 96 84 88 96 91.0 ± 2.9

Reset SR 88 84 48 84 76.0 ± 4.3

TABLE II
HUMAN EFFORT AND TIME OVER THE 100 EPISODES. OPERATOR TIME

CHARGES EACH INTERVENTION ONE MANUAL RESET.

Method Interventions Cycle time (s/ep) Operator time (min)

Manual reset 100 53 88
AutoEval 46 104 44
MP skills 34 137 29
HALTER (ours) 25 121 24

on end-to-end reset alone: it picks a grasp pose once and
then executes a fixed trajectory, so a small deviation is
enough to fail the skill, whereas the learned skills act on
the current observation. Scoring accuracy reaches 90.0% and
plan validity 84.0%, so each step of the graph pipeline is
reliable on its own and not only in combination.

Verification separates the two systems further. Across the
100 episodes, HALTER achieves a verification accuracy
of 91.0%, against 78.0% for AutoEval. These errors have
asymmetric costs: false acceptance can start the next rollout
from an incorrect state, whereas false rejection triggers an
unnecessary reset attempt or human intervention.

Table II reports what the evaluation costs a human. HAL-
TER cuts the interventions from 100 to 25 and the operator
time from 88 to 24 minutes, and it raises the mean number of
episodes between interventions from 1.0 to 4.0. Additional
LLM reasoning between successive reset skill executions
makes each episode slightly longer in wall-clock time than
for AutoEval. The operator, however, takes part in far fewer
episodes, and operator availability rather than wall-clock
time bounds how many rollouts an evaluation campaign can
afford. The advantage also grows with the length of the reset
plan. Stratified by that length on the three tasks for which
we measured it, HALTER finishes a one-skill reset 2 to 18
seconds faster than MP skills, and a three-skill reset 24 to
57 seconds faster, with every three-skill gap significant at
p < 0.01. Longer resets are exactly the case that a long-
horizon rollout produces.

Pot-Cook is the weakest task for every method, and it is
the only task on which MP skills resets more reliably than
HALTER, 72% against 48%. It carries the longest reset plans
of the four tasks, and the learned skills handle the stock pot
less reliably than the analytic grasps do, so the gap over MP

TABLE III
TRANSFER TO THREE HELD-OUT TASKS, 25 EPISODES EACH. HALTER

REUSES ITS SKILL LIBRARY AND TRAINS NOTHING NEW.

Held-out task (%)

Method Metric Store Retrieve Pot Avg (%)

AutoEval

Scoring accuracy 72 72 80 74.7 ± 5.0

Plan validity - - - -
Verification accuracy 84 80 84 82.7 ± 4.4

Reset SR 0 4 0 1.3 ± 1.3

HALTER (ours)

Scoring accuracy 100 100 84 94.7 ± 2.6

Plan validity 92 96 80 89.3 ± 3.6

Verification accuracy 96 92 88 92.0 ± 3.1

Reset SR 84 84 56 74.7 ± 5.0

skills rests on the other three tasks. HALTER still resets Pot-
Cook three times as often as AutoEval, 48% against 16%,
and it scores the rollout correctly on 80% of the episodes
there.

D. Composing Skills for Held-Out Tasks (Q2)

Table III reports three held-out tasks that HALTER has
not previously evaluated. These tasks retain the same objects
but change the task goals. In the drawer scene, a successful
rollout leaves either the lemon on the table with the drawer
closed or the strawberry on the table rather than on the plate.
In the kitchen scene, it leaves the stock pot on the stove
with its lid on top without carrot. These task goals produce
terminal states that require reset sequences different from
those of the original tasks. HALTER reaches 74.7% reset
SR and 89.3% plan validity on them without a single new
demonstration. AutoEval reaches 1.3%, because it fits one
reset policy to the skill sequence of the task it was trained
on, and that sequence no longer applies. The difference
lies in what each system learns: a library of atomic skills
recombines into a new order, while a single policy cannot.
This is the compositional generalization that the hierarchy is
meant to provide.

The same property also changes what a demonstration has
to contain. A demonstration of one atomic skill is far shorter
than a demonstration of a whole reset, so resetting the four
original tasks costs HALTER 105k timesteps against 138k
for AutoEval, 24% less data, and the same skills serve every



Fig. 4. Ablation of the scene graph on Drawer-Store, 25 episodes per configuration. (a) Replacing the graph with the images themselves, or with rendered
point clouds, lowers every metric. (b) As the graph update rate drops, plan validity and reset SR fall while scoring accuracy stays flat.

task of a scene.

E. Ablation of the Scene Graph (Q3)

Fig. 4 ablates the scene graph on Drawer-Store. Replacing
the graph with the images themselves lowers plan validity
from 92% to 72%, verification accuracy from 96% to 76%,
and reset SR from 88% to 72%. Passing rendered point
clouds instead lowers them further, to 40%, 52%, and 40%,
so the gain does not come from three-dimensional appear-
ance but from turning geometry into explicit relations.

The rate at which HALTER updates the graph matters as
well. Performance holds at 0.2 Hz, and below that rate plan
validity falls from 92% to 64%, verification accuracy from
96% to 60%, and reset SR from 88% to 48%, while scoring
accuracy stays at 96%. This follows Section III-C: a plan
needs the states that the rollout passed through, whereas the
completion score can often be recovered from the last few
keyframes.

V. CONCLUSION

We presented HALTER, an evaluation harness that scores
a long-horizon rollout on real hardware and restores the scene
for the next one with little human involvement. HALTER
builds a spatial scene graph online from RGB-D keyframes,
and an LLM reads that graph to score the rollout, to plan
a reset over a library of atomic skills, and to verify that
the reset succeeded. Planning over a library makes the
demonstration cost scale with the size of that library rather
than with the number of states a rollout can terminate in, and
on four real tasks HALTER restores the scene more reliably
than a per-task reset policy while cutting the operator time by
72%. On three held-out tasks, it recombines the same skills
without collecting anything new, and an ablation attributes
the gain to the graph, since replacing it with images or with
rendered point clouds lowers every metric. Two limitations
remain. A reset that needs a skill the rollout never performs
still calls for demonstrations of its own, and HALTER still
needs a handful of reference cases written for each task,
although it trains no classifier and collects no labeled images.
Reversing the forward demonstrations that a task already

provides is a promising way to obtain the missing skills
without a new collection effort.
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