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Abstract -
Automating tolerance-critical construction assembly, par-

ticularly prefabricated window installation, remains a per-
sistent challenge because of millimeter-scale clearances, com-
plex multi-surface friction, and the risk of damaging high-
value hardware. In the final insertion stage, small pose errors
can rapidly develop into jamming configurations that are
difficult for conventional open-loop planning to resolve. Al-
though Reinforcement Learning (RL) provides a data-driven
means of acquiring contact-rich recovery behaviors, prac-
tical deployment is constrained by unsafe exploration and
poor sample efficiency. This paper presents a construction-
oriented simulation testbed and a sample-efficient Installer-
in-the-Loop RL framework. We develop a contact-rich
physics simulation that reproduces clearance-limited inser-
tion and emergent jamming dynamics. We further propose
a training protocol that integrates control sharing, in which
a human installer overrides unsafe motions, with a contact-
stabilized warm-start procedure. To address sparse success
signals and multimodal recovery behaviors, we introduce a
Generative Action-Sequence Policy based on Flow Match-
ing and temporal abstraction. Experimental results under
strictly enforced 2 mm clearances show that the proposed
method achieves a 93.3% success rate. Ablation studies in-
dicate that temporal abstraction is critical for stable credit
assignment in sparse-reward settings, preventing the myopic
behaviors that cause standard RL approaches to fail.

Keywords -
Construction Robotics; Interactive Reinforcement Learn-
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1 Introduction
The construction industry faces persistent productivity

stagnation, escalating material costs, and a severe short-
age of skilled labor [1]. At the same time, demand for
high-performance building envelopes and energy-efficient

retrofits has increased pressure to adopt robotic automa-
tion [2]. Among on-site assembly tasks, prefabricated
window installation is a strong candidate for automation
because it is repetitive, physically demanding, and com-
monly performed under constrained site conditions. Yet
despite its apparent similarity to standard industrial pick-
and-place workflows, its physical execution is substantially
more complex.

The core difficulty is the “last centimeter” problem.
Installers must manipulate heavy, fragile payloads with
millimeter-level precision into constrained rough open-
ings. Unlike free-space transport, this terminal insertion
phase is governed by uncertain multi-surface frictional
interactions. As-built geometric variations in the window
buck can reduce effective clearances to sub-millimeter lev-
els. Under such tight tolerances, small pose errors can
rapidly escalate into binding, wedging, or jamming states
[3]. Current manual practice relies on the “tacit dex-
terity” of skilled workers, especially their ability to sense
resistance and execute subtle contact-adaptive corrections,
such as wiggling, pivoting, or partial retraction, to resolve
jamming. This heuristic expertise is difficult to encode in
rigid position controllers and costly to scale [4].

Recent construction robotics has largely followed two
paradigms: large-scale specialized platforms, such as
gantry systems, and general-purpose manipulators [5, 6].
These systems are effective for transport and coarse align-
ment but remain limited during contact-rich insertion.
Impedance or admittance control can regulate contact
forces, yet often lacks the strategic reasoning needed for
non-convex jamming configurations. When a window be-
comes wedged, simply “pushing compliantly” may inten-
sify the jam; successful recovery instead requires coordi-
nated spatial adjustments that analytical controllers strug-
gle to generate reliably under uncertainty [7].

Data-driven Reinforcement Learning (RL) offers a
promising route for acquiring contact-aware policies di-
rectly from interaction, but standard algorithms such as
SAC and PPO face two major barriers in construction
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assembly. First, Safety and Cost: RL depends on ex-
tensive trial-and-error exploration. In a tolerance-critical
task involving glass and finished surfaces, a single un-
safe action can cause hardware damage, making “tabula
rasa” learning infeasible [8]. Second, Sample Efficiency:
Sparse-reward, long-horizon insertion may require mil-
lions of interaction steps, which is impractical for physical
deployment. Moreover, friction-induced jamming often
admits multimodal solutions: pivoting left or right may
both be valid, while their average is not. Standard uni-
modal Gaussian policies therefore represent such recovery
distributions poorly.

To address these gaps, this paper presents a sample-
efficient Installer-in-the-Loop framework. As a special-
ized Interactive Reinforcement Learning paradigm, it com-
bines human expertise with generative control. Rather
than excluding the worker, we formalize the installer as
both a safety supervisor and a source of high-quality re-
covery data. By integrating control sharing with a Gener-
ative Action-Sequence Policy, the robot can learn robust
jamming recovery strategies safely and efficiently.

The main contributions of this paper are summarized as
follows:

1. Construction-Oriented Simulation Testbed: We
establish a physics-based simulation in MuJoCo that
explicitly models the contact dynamics, stick-slip
friction, and jamming phenomena of window instal-
lation under 2 mm clearance.

2. Safety-Aware Installer-in-the-Loop Protocol: We
propose a control-sharing mechanism in which hu-
man interventions serve a dual purpose: ensuring
operational safety during exploration and providing
hard-negative samples that enable the policy to learn
recovery from near-failure states.

3. Generative Action-Sequence Policy: We instantiate
a multimodal policy using Flow Matching and Action
Chunking. This architecture captures diverse human
recovery strategies, such as pivoting, while enforcing
temporal consistency. Crucially, chunking enables
multi-step value propagation over action sequences,
improving credit assignment and training stability in
sparse-reward, long-horizon tasks.

2 Related Work
This section reviews robotic window installation re-

search across three domains: building-envelope au-
tomation hardware, data-driven construction control, and
Human-in-the-Loop (HIL) learning. We identify gaps in
multimodal jamming recovery, temporal coherence, and
operational safety that motivate the proposed generative
framework.

2.1 Building-Envelope Installation Automation

Robotic automation for building-envelope installation
has progressed from basic material handling toward au-
tonomous placement of prefabricated components [2]. Ex-
isting approaches differ mainly in operational scale and
control complexity, which determine their ability to han-
dle geometric variability and tolerance-critical insertion.

Large-scale Specialized Systems: Early work primar-
ily addressed the transport of heavy envelope elements
across large workspaces. Examples include gantry-based
facade installation platforms and cable-driven parallel
robots for curtain wall assembly [9, 10]. These systems
are effective for payload transport and coarse positioning.
However, recent studies highlight an accuracy–workspace
tradeoff: structural compliance and dynamic oscillations
often restrict on-site positioning precision to the centime-
ter range [5]. Consequently, such systems typically stop
before final insertion, leaving tolerance-critical mating be-
tween the window panel and opening to manual labor.

Manipulator-based Precision Assembly: To im-
prove dexterity, another line of work investigates general-
purpose manipulators integrated with perception pipelines
[6, 11]. These systems can perform free-space alignment
effectively, but reliability often degrades once sustained
contact begins. Window installation is dominated by
multi-surface, asymmetric friction between the frame and
buck, where small pose errors can rapidly escalate into
binding or wedging [3]. Under these conditions, tradi-
tional impedance or force-feedback control can limit con-
tact forces but lacks the strategic reasoning needed to coor-
dinate corrective sequences, such as wiggling or pivoting,
that are required for recovery [12]. Even small perception
delays can desynchronize state estimation from emergent
frictional dynamics, causing failures that local feedback
cannot resolve [7]. Our work addresses this gap by treat-
ing insertion not as trajectory tracking, but as contact-rich
recovery requiring learned reactive policies.

2.2 Reinforcement Learning in Construction
Robotics

Reinforcement learning (RL) provides a general
paradigm for training autonomous systems through inter-
action, allowing policies to capture causal relationships
among observations, actions, and contact outcomes. This
capability is particularly attractive for construction, where
analytical contact models are often brittle because of site
variability and uncertainty.

Recent applications of deep RL in construction have
shown promising results. For example, Huang et al. [11]
applied RL to window panel handling and highlighted the
efficiency gains of virtual demonstrations. Apolinarska
et al. [13] showed that RL could compensate for tight ma-
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Figure 1. Installer-in-the-Loop framework. Human interventions and a generative action-sequence policy enable
multimodal recovery strategies, such as pivoting and wiggling, for high-precision insertion under 2 mm clearance.

chining tolerances in timber joint assembly when classical
planning failed. In the domain of safety, Duan and Zou
[14, 15] advanced safety-constrained RL for human-robot
collaboration. However, these studies primarily address
collision avoidance and workspace safety, whereas win-
dow installation requires the agent to exploit contact dy-
namics to resolve jamming within millimeter-level clear-
ances.

Two limitations remain in construction RL. First, Sam-
ple Efficiency and Safety: Standard RL algorithms, such
as SAC and PPO, rely on extensive stochastic exploration
[8]. In tolerance-critical window installation, one unsafe
action can cause glass breakage or deep jamming. This
makes “tabula rasa” learning prohibitively costly for de-
ployment. Second, Temporal Coherence: Most RL base-
lines use step-wise atomic actions, which can cause high-
frequency control jitter in friction-dominated tasks as the
robot oscillates between conflicting commands. Although
Sun et al. [16] recently applied imitation learning with ac-
tion chunking to rebar cage assembly, temporal abstraction
in online RL for jamming recovery remains underexplored
in construction robotics [17].

2.3 Human-in-the-Loop and Generative Policies

To address the safety and efficiency bottlenecks of pure
RL, Human-in-the-Loop (HIL) frameworks leverage ex-
pert knowledge to guide learning [18].

Interactive Learning: Early approaches, including
DAgger and its variants, allowed experts to provide cor-
rective labels on states visited by the robot [19, 20]. More
recently, the HIL-SERL framework [21, 22] proposed a
system-level recipe that combines offline demonstration
bootstrapping with online safety interventions. In this
paradigm, the human acts as a safety shield and over-
rides the robot only when it enters hazardous states. This

control-sharing mechanism is especially valuable for con-
struction assembly because it transforms rare, high-risk
failure modes, which would otherwise terminate the pro-
cess, into high-quality training signals [23].

Generative Policy Representations: A subtle but crit-
ical challenge in jamming recovery is the multimodality
of valid solutions. When a window is jammed, effec-
tive recovery may involve twisting left or twisting right.
A standard unimodal policy, such as the Gaussian policy
used in most RL methods, tends to average these modes,
producing a “push straight” action that can worsen the
jam. To address this issue, recent robot learning studies
have adopted generative models, such as Diffusion Policies
[24, 25] or Implicit Behavioral Cloning [26], to represent
complex action distributions. However, diffusion models
typically suffer from slow inference, limiting their appli-
cability to high-frequency contact-control loops.

Gap Identification: Our work integrates these ad-
vances. We adopt an intervention-based HIL protocol for
safety [21] while replacing the standard policy architecture
with a Flow Matching network [27]. This combination
enables the policy to capture multimodal human recovery
strategies while maintaining the inference speed required
for real-time control. Such integration remains underex-
plored in construction robotics, particularly for tolerance-
critical, contact-rich installation tasks.

3 Methodology
We propose a sample-efficient Installer-in-the-Loop

(IIL) RL framework for high-precision, contact-rich con-
struction assembly. Unlike standard RL benchmarks that
assume simplified physics, the proposed framework targets
the specific challenges of window installation: millimeter-
scale clearances, stochastic friction, and operational safety.
The framework consists of three integrated modules: (1)
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a contact-rich physics testbed; (2) a safety-aware human-
robot interaction protocol; and (3) a generative action-
sequence policy. Figure 2 illustrates the overall architec-
ture.

3.1 High-Fidelity Simulation Benchmark

To reduce the gap between simulation and physical de-
ployment, we developed a contact-rich physics environ-
ment in MuJoCo [28]. The workcell contains a 7-DoF
KUKA LBR iiwa 14 manipulator equipped with a Robo-
tiq Powerpick20 vacuum gripper. The task is to insert a
window panel (0.5m × 0.5m) into a buck opening with a
strictly enforced 2 mm clearance.

To reproduce the complexity of on-site assembly, the
environment explicitly models:

• Complex Contact Dynamics: We use MuJoCo’s
convex decomposition to simulate multi-point colli-
sions. Stick-slip friction parameters (𝜇 ∈ [0.4, 0.8])
are introduced to induce realistic binding behaviors.

• Construction Variability: At the beginning of each
episode, we randomize the window’s initial pose
(±5mm, ±5◦) and the buck friction coefficients. This
randomization forces the agent to learn robust, reac-
tive policies rather than memorizing a single trajec-
tory.

The ±5 mm and ±5◦ initialization is a structured stag-
ing condition designed to isolate the tolerance-critical
insertion–seating bottleneck from upstream coarse-
positioning uncertainty. This reflects a deployment sce-
nario in which the window unit is pre-staged with small
residual perturbations, enabling a focused evaluation of
the proposed intervention and temporal-abstraction mech-
anisms in the contact-rich phase most relevant to jamming
recovery.

Table 1. MDP specification for the window-
installation benchmark.

Component Definition

Obs. 𝑠𝑡 (Iwrist, Iside, x𝑡 ): 2×1282 RGB; x𝑡 ∈R18 (q, ¤q∈R7, pee ∈R3, 𝑔)
Action a𝑡 [Δp,Δr, 𝑔]; Δp: 0.025 m; Δr: 5◦; chunk ℎ=10
Reward Sparse binary: 𝑟𝑡=1 at seating, 0 otherwise
Success pos.<2 mm; cos. sim.>0.95; vel.<1 cm/s
Horizon 600 steps (60 s @ 10 Hz)

3.2 Installer-Guided Training Protocol

“Tabula rasa” reinforcement learning is prohibitively
dangerous for tolerance-critical assembly. We therefore
propose a three-stage protocol that safely integrates human
expertise:

3.2.1 Stage I: Offline Initialization (Behavior
Cloning)

A skilled operator collects 𝑁𝑑𝑒𝑚𝑜 successful insertion
trajectories through teleoperation using a 3Dconnexion
SpaceMouse. This device enables intuitive 6-DoF con-
trol, allowing the operator to demonstrate the subtle wig-
gling motions required for insertion. The policy is pre-
trained on this static dataset D𝑑𝑒𝑚𝑜, initializing the agent
within a safe behavioral subspace.

3.2.2 Stage II: Contact-Stabilized Warm-Up

Directly deploying an offline policy in an online envi-
ronment often causes performance collapse due to distri-
bution shift, or the “Sim-to-Sim” gap. We introduce a
Non-Updating Warm-Up phase [29]. The agent inter-
acts with the environment for 2 000 steps to fill the replay
buffer, while gradient updates are suspended. This pro-
cedure allows the value function, or Critic, to calibrate
its estimates against the true contact dynamics before the
policy, or Actor, begins optimization, thereby preventing
catastrophic forgetting.

3.2.3 Stage III: Safety-Aware Online Intervention

During active learning, we employ a Control Sharing
mechanism. The agent operates autonomously by default.
The human installer monitors the same RGB and propri-
oceptive observations available to the policy and over-
rides the robot only when observable cues indicate haz-
ardous or non-progressing contact, such as clearance loss,
stalled insertion, asymmetric wedging, unstable suction,
or repeated failed re-insertion attempts. No independent
hazard-detection module is used, preserving deployment
realism. These intervention segments are treated as ex-
pert corrective samples and appended to the online replay
buffer D𝑜𝑛𝑙𝑖𝑛𝑒. During training, we use a mixed sam-
pling strategy, with 50% offline and 50% online samples,
to balance exploration and expert guidance. This strategy
performs hard-negative mining on near-failure states.

3.3 Generative Action-Sequence Policy

Standard RL policies, such as Gaussian policies in SAC,
are unimodal and step-wise. They struggle with window
jamming because recovery requires coherent multi-step
motion, such as “wiggling”, and because valid solutions
are frequently multimodal, such as pivoting left or pivoting
right. We address these challenges using the QC-FQL
framework [17].
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Figure 2. System architecture. The framework combines MuJoCo contact simulation, mixed replay of offline
demonstrations and online interventions, and a generative policy that distills a Flow-Matching Teacher into a
real-time Student policy.

3.3.1 Temporal Abstraction via Action Chunking

To eliminate high-frequency control jitter, the policy
predicts a sequence of future actions a𝑡:𝑡+ℎ, or a “chunk”,
with horizon ℎ = 10, rather than a single-step action.
This sequence is executed open-loop and functions as a
learned temporal primitive. This design facilitates multi-
step value propagation over action chunks: by evaluating
the Q-value over the entire chunk 𝑄(𝑠, a𝑡:𝑡+ℎ), the sparse
success signal can be propagated across longer temporal
spans, improving sample efficiency in long-horizon tasks.

3.3.2 Multimodal Modeling via Flow Matching

We employ a Teacher-Student distillation architecture
to capture multimodal recovery behaviors.

The Teacher ( 𝑓𝜉 ): A Flow Matching policy [27] learns
a time-dependent vector field 𝑣𝑡 (𝑥) that transports a Gaus-
sian noise distribution 𝑝0 to the complex target action
distribution 𝑝1. Flow Matching is adopted because it of-
fers a practical tradeoff between expressive multimodal
action modeling and efficient inference. In our setting,
the teacher–student design also helps separate distribution
learning from real-time control, which is important for
sparse-reward contact tasks.

The Student (𝜇𝜓): To ensure real-time inference at
10 Hz or higher, we distill the Teacher into a one-step
student network. The Student is trained to maximize the
Q-value while minimizing the Wasserstein distance to the
Teacher’s distribution:

L(𝜓) = −𝑄 𝜃 (𝑠, 𝜇𝜓 (𝑠, 𝑧))︸                ︷︷                ︸
Maximize Task Reward

+𝛼 | |𝜇𝜓 (𝑠, 𝑧) − a𝜉 | |22︸                ︷︷                ︸
Stay within Human Prior

(1)

This objective enables the agent to explore high-reward
behaviors while remaining grounded in the safe, human-
like action manifold.

3.4 Implementation Details

Perception: Visual inputs from wrist-mounted and side
cameras are processed using a shared ResNet-10 back-
bone. Spatial Learned Embeddings aggregate image fea-
tures into a compact vector, which is then fused with pro-
prioceptive information, including end-effector pose and
velocity, through a Multi-Layer Perceptron (MLP).

Control Architecture: The high-level RL policy op-
erates at 10 Hz and generates action chunks with horizon
ℎ = 10, corresponding to 1.0 second. These setpoints
are tracked by a low-level Operational Space Controller
(OSC) running at 500 Hz. This hierarchical design sup-
ports compliant interaction with a stiff environment while
maintaining strategic foresight. All experiments are con-
ducted on a single NVIDIA RTX 4070 GPU.

4 Experiments and Results
4.1 Experimental Setup

We evaluate the proposed method on a precision
window-installation task in a physics-based simulation en-
vironment. The task requires inserting a 0.5m × 0.5m
window panel into a frame opening with 2 mm tolerance.
Success follows the acceptance-aligned criterion defined
in Table 1. The environment models realistic contact dy-
namics, including static friction, jamming, and geometric
constraints that challenge manipulation policies. We com-
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pare the complete method against the following baselines
and ablations:

• BC: Behavior Cloning trained exclusively on offline
demonstrations, representing a pure imitation learn-
ing baseline.

• HIL-SERL: A standard human-in-the-loop baseline
using a unimodal Gaussian policy, Soft Actor-Critic
(SAC), and step-wise actions (ℎ = 1), representing
the original HIL-SERL framework [21].

• Flow (1-step TD): An ablation of the proposed
method using action chunking with ℎ = 1 to isolate
the effect of temporal abstraction.

• Ours (No Interv.): An ablation that removes human
intervention to evaluate the contribution of control
sharing.

• Ours (Full): The complete method combining Flow
Q-learning with action chunking and HIL-SERL
human-in-the-loop training.

4.2 Performance and Sample Efficiency

Table 2 summarizes the quantitative results. Ours (Full)
achieves the best performance, with a 93.3% success rate,
outperforming BC (29.0%) and HIL-SERL (73.3%). Re-
moving human intervention reduces the success rate to
36.7%, while removing action chunking causes complete
failure (0.0%). These results indicate that both guided
recovery data and temporal abstraction are essential. All
methods reach their reported final performance within ap-
proximately 2 hours of wall-clock time.

Table 2. Performance comparison across methods.
Success rates are computed during training; training
time represents wall-clock time to convergence.

Method Success Rate Training Time

BC 29.0% ∼1.0h
HIL-SERL 73.3% ∼2.0h
Flow (1-step TD) 0.0% ∼1.5h
Ours (No Interv.) 36.7% ∼1.8h
Ours (Full) 93.3% ∼2.0h

4.3 Ablation Analysis

Effect of Action Chunking: The comparison between
Ours (Full) and Flow (1-step TD) shows that temporal ab-
straction is critical for success. Without action chunking

Figure 3. Training curves for success and interven-
tion rates. Ours (Full) achieves the highest final
success rate (93.3%) and the fastest decay in inter-
vention frequency, indicating progressive autonomy.

(ℎ = 1), the agent fails completely, achieving a 0.0% suc-
cess rate. This failure suggests that sparse-reward credit
assignment, rather than control instability alone, is a ma-
jor bottleneck. The single-step policy becomes “myopic”,
rapidly switching between conflicting corrective actions,
such as pushing forward and retracting, based on instan-
taneous contact feedback. As a result, it fails to commit
to the sustained and coordinated motions required to over-
come static friction. Action chunking enforces tempo-
ral commitment, enabling the policy to execute coherent
“push-and-align” primitives that are necessary for navigat-
ing geometric constraints.

Effect of Human Intervention: Removing human in-
terventions, as in Ours (No Interv.), reduces performance
from 93.3% to 36.7%, corresponding to a reduction of
56.6 percentage points. This substantial gap indicates
that human corrections at failure boundaries provide high-
value training signals that are rarely discovered through
autonomous exploration alone. The intervention mecha-
nism enables the policy to learn from expert demonstra-
tions of recovery behaviors, which are especially valuable
in contact-rich scenarios where failure modes are diverse
and difficult to explore autonomously.

Combined Effect: The complete method achieves the
best performance, 93.3%, within approximately 2.0 hours,
indicating that multimodal policy representation through
Flow Matching, temporal abstraction through chunking,
and human guidance are jointly necessary. The 20-point
improvement over HIL-SERL demonstrates that Flow
Matching is particularly effective for handling the non-
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convex action space induced by contact constraints.
Failure Mode Analysis: Residual failures concentrate

in three contact-dominated regimes: entry wedging caused
by small yaw or roll errors, mid-depth frictional jam-
ming requiring temporally extended recovery maneuvers,
and unstable seating caused by residual terminal velocity.
These modes indicate that temporal commitment, guided
recovery data, and termination stability remain the princi-
pal bottlenecks.

4.4 Evolution of Human Guidance

A key objective of the proposed framework is to re-
duce human burden while maintaining learning efficiency.
Figure 3 shows that the intervention frequency decreases
from approximately 32% of steps to near 0% by the end
of training, indicating progressive autonomy. This trend
suggests that multimodal policy representation and action
chunking enable efficient learning from sparse expert cor-
rections. In absolute terms, the complete method requires
approximately 12 minutes of cumulative installer takeover
time across the full training run, compared with approxi-
mately 20 minutes for the HIL-SERL baseline under the
same budget. Takeovers are initiated from the same 10 Hz
RGB and proprioceptive interface available to the policy,
without additional sensing or automated hazard detection.

4.5 Qualitative Analysis: Jamming Recovery

We observed clear behavioral differences in jamming
recovery. When the window becomes wedged diagonally,
valid recovery strategies are often multimodal, such as piv-
oting left or pivoting right. The HIL-SERL baseline tends
to average these modes, producing a “push straight” action
that increases contact force without resolving the jam. In
contrast, Ours (Flow Matching) exhibits mode-selecting
behavior and commits to a specific recovery strategy, such
as a coordinated retract-then-pivot maneuver. This ca-
pability is particularly important in tolerance-critical as-
sembly, where the optimal recovery depends on subtle
geometric variations.

5 Conclusion
This paper proposes an Installer-in-the-Loop reinforce-

ment learning framework for tolerance-critical window
installation. By combining physics-based simulation
with a control-sharing protocol and a Generative Action-
Sequence Policy, the framework addresses the safety and
sample-efficiency challenges that limit RL deployment in
construction assembly. The results demonstrate that expert
interventions provide data-efficient learning signals for
contact-rich recovery and that generative policies substan-
tially outperform unimodal baselines in resolving friction-

induced jamming. Although the current study is limited
to simulation, contact-rich modeling and the strict safety
protocol provide a necessary validation step before de-
ployment on high-value architectural components. Physi-
cal deployment is nevertheless expected to introduce sub-
stantial sim-to-real mismatch, including unmodeled com-
pliance, suction deformation, material-dependent friction
and wear, sensing and communication delays, and site dis-
turbances. Therefore, the effectiveness of the framework
in real environments remains unvalidated. Future work
will focus on bounded-budget on-site adaptation with do-
main randomization and hardware safety triggers.
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