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Abstract— Imitation learning (IL) presents a promising
paradigm for enabling embodied robots to efficiently acquire
human-like manipulation skills. However, prevailing methods
face a persistent trade-off between motion precision and com-
putational tractability. To resolve this fundamental challenge,
this paper introduces Viper, a framework for Verifiable Imita-
tion learning Policy for Efficient Robotic manipulation. Viper
integrates principles of Nonlinear Model Predictive Control
(NMPC) within a learning-based model. Grounded in an
NMPC-style closed-loop architecture, the proposed method
unifies the modeling of nonlinear system dynamics with online,
multi-horizon optimization of state-action predictions, while
intrinsically embedding physical constraints. This co-design
enables both smooth trajectory generation and fast execution.
Furthermore, a theoretical stability analysis for the Viper
framework is provided. Extensive evaluations, from simulated
benchmarks to real-world manipulation tasks, demonstrate that
Viper effectively reconciles the competing demands of precision
and speed inherent in existing robotic IL paradigms. Project
page: https://cheng122.github.io/Viper

I. INTRODUCTION

Robotic imitation policy learning from demonstrations,
formulated as the supervised regression task, establishes
direct state-to-action mappings on expert behaviors. This
paradigm has demonstrated remarkable efficacy across di-
verse robotic applications, enabling autonomous acquisition
of complex control policies while reducing reliance on elab-
orate manual programming [1], [2]. In robotic IL, execution
speed and precision serve as critical performance metrics
that directly determine system viability, as they govern both
operational efficiency and practical effectiveness [3].

As shown in Fig. 1 (a), existing classic methods frame
robotic IL as an action generation task, addressing the chal-
lenges of robotic policy learning through various generative
techniques. Action Chunking with Transformers (ACT), a
representative of the autoregressive modeling paradigm [4]–
[6], provides a simple yet efficient action generation scheme
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Fig. 1. Panel (a) shows the generative paradigm for IL, which directly
maps historical states to actions. Panel (b) illustrates the NMPC closed-loop
architecture, which leverages the current state to perform online optimization
over a receding horizon, yielding an optimal action u0. Panel (c) presents
our Viper framework that integrates key insights from NMPC into IL,
enabling imitation and tracking of expert trajectories.

through a CVAE-based architecture. Despite the flexible de-
sign and mature exploration under constrained computational
resources, it struggles to maintain temporal consistency over
long-horizon tasks due to the compounding of prediction
errors. In contrast, diffusion-based methods [7]–[9] offer
an alternative for generating coherent action sequences.
Specifically, Diffusion Policy (DP) employs iterative gra-
dient optimization on action-distribution score functions.
This approach significantly enhances multi-modal behavior
generation and stabilizes control in high-dimensional action
spaces through probability density modeling. However, the
requisite multi-step sequential denoising process introduces
substantial computational overhead, compromising real-time
responsiveness and operational efficiency. The ACT and DP
paradigms exhibit distinct advantages and limitations, which
are often difficult to reconcile in practice. This raises a criti-
cal question: Can we design a novel paradigm for robotic IL
that maintains high task success rate, while simultaneously
achieving rapid responsiveness?

In the field of control theory, NMPC is an optimization-
based feedback control methodology (Fig. 1 (b)) for non-
linear systems [10], distinguished by its theoretical founda-
tions, exceptional performances and extensive applications.
It is primarily employed to solve “tracking” problem, which
refers to constructing a system whose evolving states follow
a reference trajectory as closely as possible. From a macro-
scopic perspective, a strong conceptual correspondence exists
between “tracking” and “imitation”, with “imitation” viewed
as a form of intelligent “tracking”. This insight motivates
our exploration of structuring IL policies around the core
principles of NMPC, targeting improvements in both task
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success rate and inference speed. Furthermore, the potential
of adapting stability analysis techniques from NMPC is
investigated to assess the stability of the proposed policy.

Based on aforementioned viewpoints, we propose Viper
(Verifiable Imitation learning Policy for Efficient Robotic
manipulation), as depicted in the Fig. 1 (c). Viper interprets
IL from demonstrations as the intelligent tracking of expert
trajectories. This is accomplished by designing a unified
predictive model coupled with a suitable feedback, forming
a closed-loop system inspired by the NMPC framework.
The unified model is responsible for learning nonlinear
dynamics, calculating optimal sequences, and respecting
physical constraints. A key feature is a meticulously designed
loss function, which facilitates an attempt of investigation
into the system’s stability of Viper via Lyapunov functions.
Through extensive simulations and real-world experiments,
complemented by visualizations and stability analysis, the
Viper architecture is demonstrated to be both efficient and
reliable.

In conclusion, our primary contributions are as follows:
• An NMPC-Inspired IL Framework: We introduce

a paradigm that achieves efficient robotic IL under
the guidance of NMPC framework. By leveraging a
carefully designed unified predictive model to forecast
optimal sequences and incorporating real-time feedback,
Viper realizes fast, precise, and constraint-aware manip-
ulation.

• Interpretable Motion Stability: We provide a potential
theoretical lens for analyzing the robotic IL problem.
The closed-loop system, formed by integrating the uni-
fied predictive model with a feedback, can be proven
practically stability using a designed Lyapunov function.
This process qualitatively and quantitatively establishes
the interpretability and reliability of the Viper paradigm.

• Comprehensive Simulation and Real-World Experi-
ments: Extensive experiments validate the effectiveness
and robustness of Viper across a range of simulated and
real-world robotic manipulation tasks.

II. RELATED WORKS

A. Robotic Imitation Learning

IL enables robots to acquire skills by mimicking expert
demonstrations, circumventing the need for manual pro-
gramming or intricate reward engineering [11], [12]. As
a foundational IL approach, Behavioral Cloning (BC) [13]
formulates IL as a supervised learning problem that directly
maps observations to actions [1]. Despite its simplicity and
success across various tasks, including manipulation [5],
[7], [14]–[18], autonomous driving [19], [20], and automatic
navigation [21], BC remains susceptible to compounding
errors and covariate shift [22], [23].

To mitigate these limitations, early methods like DAgger
[24] and synthetic correction techniques [25], [26] introduced
interactive refinement, though often impractical in high-
dimensional visual settings. Recent advancements have fo-
cused on enhancing the expressiveness and robustness of BC.

Discretized policies [27], [28] capture multi-modal behaviors
but suffer from exponential action space growth, while im-
plicit models (e.g. energy-based methods [29]) offer greater
flexibility at the cost of optimization stability. Diffusion-
based policies [7], [30] improve precision but their multi-
step inference incurs prohibitive computational costs for real-
time applications. Other efforts, including voxel-based 3D
representations [31], [32] and ACT [5], have improved spatial
reasoning and error resilience.

However, a fundamental trade-off persists: High-accuracy
models typically compromise on inference speed, while
lightweight alternatives often struggle with precision. Al-
though multimodal and 3D inputs improve generalization and
accuracy of action execution, they also introduce consider-
able computational overhead.

To bridge this gap, we focuses on the architectural design
and propose a novel IL framework that explicitly incorpo-
rates principles from NMPC, enabling fast inference and high
task performance in complex manipulation settings.

B. Nonlinear Model Predictive Control

Rooted in optimal control theory [33], [34], NMPC has
evolved into a cornerstone methodology for complex robotic
systems through its distinctive receding-horizon optimization
paradigm. Fundamentally, NMPC is an optimization-based
feedback control methodology for nonlinear systems [10].
It ensures temporal consistency through multistep dynamic
propagation, constrained trajectory optimization, and closed-
loop replanning. Interestingly, a striking conceptual parallel
exists between NMPC and IL: Both paradigms map the
current state (and potentially its history) to a sequence of
control actions. However, NMPC distinguishes itself through
its rigorous model-based formulation and inherent theoretical
guarantees, such as stability and constraint satisfaction. This
parallel raises the intriguing possibility of adapting the well-
established analytical tools from the NMPC framework to
analyze and validate IL-based policies.

While recent years have witnessed continued theoretical
refinements in NMPC [35], [36], alongside its growing
adoption in autonomous driving [37], robotics [38], [39],
and power electronics [40], [41], its integration with IL for
robotic manipulation remains underexplored. Our work is the
first time to conceptualize the IL problem through the lens
of NMPC, yielding a dual contribution: First, a novel and
performant method that integrates the structural advantages
of NMPC is proposed. Second, we attempt to verify the
stability of the proposed learning-based control algorithm via
the analysis tools from NMPC.

III. METHOD

A. Basic NMPC Algorithm

Suppose a controlled process is given whose state x(n) ∈
X = Rd is measured at discrete time instants tn, n =
0, 1, 2, .... “Controlled” means that at each time instant, a
control input u(n) ∈ U = Rm can be selected, which influ-
ences the future behavior of the system state. It’s assumed
that the next state x+ depends on the current state x and
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Algorithm 1 Basic NMPC for time varying reference xref

At each sampling time tn, n = 0, 1, 2 . . .

1) Measure the state x(n) ∈ X of the system.
2) Set x0 = x(n), solve the Optimal Control Problem:

minimize JN (n, x0, u(·)) :=
N−1∑
k=0

`(n+ k, x̂(k), u(k)),

with respect to u(·) ∈ UN (x0),

subject to x̂(0) = x(n) = x0,

x̂(k + 1) = f(x̂(k), u(k)).

3) Get the feedback value u∗(0) ∈ U and use it in the
next sampling period.

control value u. This is described using the following process
model:

x+ = f(x, u), (1)

where f : X × U → X represents a nonlinear mapping. X
and U are arbitrary metric spaces.

From the current state x(n) (denoted as x0), for any
given control sequence u(0), u(1), ..., u(N−1), the predicted
state trajectory x̂(1), x̂(2), ..., x̂(N) can be constructed by
iterating (1):

x̂(k + 1) = f(x̂(k), u(k)), k = 0, ..., N − 1. (2)

with x̂(0) = x(n) = x0.
A cost function is formulated to quantify the discrepancy

between the predicted and reference trajectories and penal-
izes the control effort. This function takes the form:

JN (n, x0, u(·)) :=

N−1∑
k=0

`(n+ k, x̂(k), u(k)), (3)

where the stage cost ` is defined as:

`(n+ k, x̂(k), u(k)) = dX(x̂(k), xref (n+ k))

+λ · dU (u(k), uref (n+ k)),
(4)

with λ > 0 and dA(·, ·) denoting a certain metric between
two elements in the metric space A.

The finite-horizon Optimal Control Problem (OCP) is de-
fined as the minimization of JN . By solving the OCP through
online optimization, a solution u∗(0), u∗(1), ..., u∗(N − 1)
is obtained, which is one that enables the predicted state
trajectory to optimally track the reference trajectory. Finally,
the first element of the optimal control sequence is applied
as the control input.

The above process is summarized as the NMPC algorithm
1, which can be concluded as a implicit policy, predicting
optimal sequence via online optimization and executing only
the first action to realize receding-horizon feedback control.
In contrast, robotic IL learns a policy from observation-action
pairs, which can be viewed as an explicit mapping. In what
follows, this paper gradually integrates these two paradigms,

adapting core principles from NMPC to the robotic IL task
to construct our Viper methodology.

B. Injecting NMPC to Robotic IL

For clarity of method exposition, this work takes a canon-
ical Pick-and-Place task as an example, performed by a
single/dual-arm manipulator equipped with an end-effector.
The following fundamental notations are adopted:
• Discrete time step: n.
• Action (the input for controlling): u(n) ∈ R1×(J+E). It

comprises the control values for the robot arm’s joints
(dimension J) and its end-effector (dimension E).

• State: x(n) = ximg(n) + xpro(n). Here, xpro(n) ∈
R1×(J+E) represents the proprioceptive state (similar
to the action). The term ximg(n) ∈ R1×(H×W×C)

represents the exteroceptive state, which is the external
environmental perception captured as an RGB image
from the system’s camera.

In time-varying NMPC, the value of reference trajectory
xref (n) changes with each time step. A corresponding
NMPC controller can be designed to enable the closed-loop
system to “track” this evolving trajectory. To achieve “intel-
ligent tracking” of expert trajectories, a simple, straightfor-
ward application of the NMPC framework is investigated as
an initial approach, requiring considerations of the following
three aspects:

(1) Construct a nonlinear process model with environ-
mental perception. Normally, the process model can be
described by an analytical formula derived from principles of
dynamics. However, once perceptual images are incorporated
into the state, the resulting process model becomes a complex
nonlinear system, which is intractable to express analytically.
A possible approach is to learn the process model f by
training a neural network on a dataset of (x, u, x+) tuples
collected from demonstrations.

(2) Define the specific formulation of the JN , especially
dX and dU accroding to the (3) and (4):

dX(x̂(k), xref (n+ k)) =

ω1 ×mean(||x̂pro(k)− xrefpro(n+ k)||1)+

ω2 ×mean(||x̂ĩmg(k̆)− xref
ĩmg

(n+ k̆)||22),

(5)

dU (u(k), uref (n+ k)) =

mean(||u(k)− uref (n+ k)||1),
(6)

where k = 0, 1, ..., N − 1. The dX is a weighted sum penal-
izing deviations in both proprioceptive states xpro via the L1
norm and visual states xĩmg via the squared L2 norm. The
visual state is a feature map extracted by a backbone network
(e.g., ResNet-18). To reduce computational overhead, the
visual penalty is applied sparsely. This is denoted by the
index k̆, which indicates that the term is computed only at
specific intervals within the prediction horizon. For example,
given a horizon N = 50, this term may be evaluated only
for k ∈ {10, 20, 30, 40, 50}. The dU applies an L1 penalty
to the deviation from the reference action.
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Fig. 2. Overall architecture of Viper. “n” denotes the current timestep.
The mapping from inputs, covered by a light blue background, to the
predicted state sequence reflects the model’s understanding of the process
dynamics. Within the multi-layer architecture, the predicted state and action
tokens at each layer are progressively refined, “improving” or “converging”
toward an optimal region. By the final layer, the output represents the
optimal state trajectory and action sequence. And the first action is then
applied to the Viper system.

(3) Determine the expected reference sequence xref (n) for
online optimization. While a weighted average of expert data
might serve as a reference, such a fixed reference trajectory
directly leads to rigid motion patterns, failing to adapt
flexibly to dynamic real-world environments. Particularly in
visual perception, the precomputed average visual reference
rarely matches the current scene, resulting in an excessively
high failure rate. Furthermore, the complexity of the learned
process model makes online optimization computationally
prohibitive for real-time applications, despite potential engi-
neering optimizations.

The primary limitation of the aforementioned straight-
forward NMPC approach lies in the online solution of
the OCP; specifically, it requires flexibly and appropriately
defining the reference trajectory and rapidly completing the
online optimization computation. Thus, the key challenge
is to overcome these difficulties while preserving the core
principles of NMPC.

Notably, the core of OCP is essentially seeking an optimal
control sequence over a finite prediction horizon. In the
context of robotic IL tasks, the notion of “optimality” is de-
fined by the expert demonstration, which implicitly encodes
human preferences. This insight motivates a paradigm shift:
Rather than solving the OCP through online optimization,
we instead predict the optimal control sequence via an
offline model learned from expert data.

Through offline training, the proposed model learns to
produce a strong approximation of the finite-horizon opti-
mal sequence. This approach circumvents the need for an
explicit reference trajectory and eliminates the significant
computational overhead associated with online optimization.
However, the choice of model architecture is not arbitrary:
It must be carefully designed to reflect the intrinsic char-
acteristics of the NMPC solution process. First, the iterative

nature of online OCP solvers motivates the design of a multi-
layer decoder to progressively refine the predicted sequence.
Second, the reliance of NMPC on a process model to predict
optimal state-action sequences necessitates an architecture
capable of modeling the system dynamics and co-predicting
serialized outputs for both states and actions. To satisfy these
requirements, a multi-layer Transformer-Decoder is therefore
proposed for the real-time prediction of optimal state and
action sequences. This model, combined with the feedback,
constitutes the Viper architecture.

C. Design of Viper Architecture

As illustrated in Fig. 2, the unified predictive model of
Viper takes as input a sequence of N historical proprio-
ceptive states, corresponding perceptual feature maps, and
N action query tokens. It then outputs the predicted near-
optimal future sequences of proprioceptive states, perceptual
features, and control actions over the next N time steps.
Based on the feedback, the first predicted action is executed
as the control input, transitioning the Viper system into a new
state. Repeating iteratively, this process forms a receding-
horizon feedback control paradigm that is conceptually sim-
ilar to NMPC.

Joint Prediction of Optimal States and Actions. In
NMPC theory, the process model tightly couples states and
control actions, and online optimization solves for both
simultaneously. This insight motivates the use of the uni-
fied predictive model, whose multi-layer decoder structure
iteratively optimizes both state and action representations
via tightly coupled, cross-layer updates. As a result, the
model produces consistent estimates of the optimal state-
action sequence, ensuring the accuracy and stability of the
control input selected by the feedback.

Soft Constraints via Static and Dynamic Encoding.
Deriving admissible actions and reachable states requires
rigorous analysis of robotic systems’ physical properties
and environmental interactions. However, the complexity
of modern intelligent agents and real-world physics often
poses a significant challenge in specifying explicit physical
constraints for robotic tasks. To overcome this, the Viper
architecture integrates a static-dynamic encoding mechanism
within the predictive model. As shown in Fig. 2: Static
encoding embeds human prior knowledge by structurally
segmenting the proprioceptive vector. For example, joint
dimensions belonging to the same robotic arm are assigned a
shared encoding vector, while those associated with the same
gripper share a distinct one. Dynamic encoding applies 2D
convolutions across the time and proprioceptive dimensions
to capture the temporal and inter-joint dependencies of
system dynamics.

Mitigation of Compounding Errors. The proposed pre-
dictive model implicitly incorporates the underlying process
model, which is informed by both external perception and
internal proprioception. This hybrid sensing enables the
model to account for dynamic changes in both environmental
context and the robot’s own embodiment, significantly en-
hancing the robustness of action prediction. Furthermore, by
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combining receding-horizon prediction with feedback-based
execution, the Viper system maintains long-term proactive
foresight and cautiously selects the next action, reducing the
accumulation of errors over time.

Loss Function. The unified predictive model of Viper
is trained via a loss function structurally aligned with the
cost function (3), (4). This loss penalizes the deviation of
the predicted sequences of states and actions from their
corresponding ground-truth references. The specific form of
the loss is as follows:

Loss = JN =

N−1∑
k=0

[dX(x̂(k), xref (n+ k))+

λdU (u(k), u
ref (n+ k))],

(7)

where dX and dU follow the definition accroding to (5), (6).

D. Stability Analysis

Since the Viper framework is theoretically grounded in
NMPC, where stability analysis is paramount, we first briefly
review the core principles of NMPC stability. Then the
analysis will be extended to the proposed Viper architecture
within the context of robotic IL tasks.

Intuitively, the “stability” of a closed-loop system means
that for a time-varying reference trajectory xref (n), there ex-
ists a neighborhood around it such that any perturbed system
state x(n) will progressively approach and eventually remain
within this neighborhood during a finite time, tracking the
reference trajectory closely thereafter.

Lyapunov functions provide a well-known tool for analyz-
ing such stability. The core idea is to construct a designed
time-varying “energy” function, V (n, x), which is zero at the
reference xref (n). This function must satisfy: (1) its value
increases as the state deviates further from the reference,
and (2) its value decreases with each time step of the
system’s evolution. In summary, as time progresses, V (n, x)
gradually decreases, indicating that the x(n) is converging
towards xref (n). According to established theorems [10],
if a Lyapunov function which is positive definite, radially
unbounded, and monotonically decreasing over time can
be found within the state space containing the reference
trajectory, then the closed-loop system is stable with respect
to that trajectory.

In the finite-time NMPC, for a given initial state x0 ∈ X
and time n ∈ N0, the Optimal Value Function is defined as:

VN (n, x0) := inf
u(·)∈UN (x0)

JN (n, x0, u(·)) =

N−1∑
k=0

�(n+ k, x̂(k), u(k)).
(8)

When this infimum is achieved by an optimal control
sequence u∗(·) ∈ UN , such that

VN (n, x0) = JN (n, x0, u
∗(·)), (9)

the corresponding x̂∗(·) is termed the optimal trajectory.
In fact, this optimal value function VN can be regarded as

a candidate for the desired Lyapunov function. To establish

Fig. 3. Overview of the simulation tasks. Transfer Cube: The right
arm grasps and lifts the red cube, then transfers it to the left arm through
coordinated bimanual manipulation. Bimanual Insertion: The left arm
acquires the blue socket, and the right arm grasps the red peg. The arms
then align the peg and insert it into the socket. Stack Cube: The left arm
places the blue cube at the center of the workspace, and the right arm stacks
the red cube atop it. Cube Storage: The left arm moves the blue container
to the center, and the right arm deposits the red cube inside it.

stability, the feedback must ensure that VN decays by at least
a fraction of the stage cost at each step [10]:

VN (n, x0) ≥ α�(n, x̂(0), u∗(0)) + VN (n+ 1, x+), (10)

where α ∈ (0, 1]. This serves as our criterion for verifying
closed-loop stability. In practice, the system is considered
to have satisfactory practical stability if VN demonstrates a
monotonic decrease following a disturbance, even if it later
settles into bounded oscillations within a small region.

In the Viper architecture, the explicit optimization of the
NMPC’s OCP is replaced by a learned model that directly
predicts the optimal control sequence. By employing a loss
function that is structurally identical to NMPC cost function
JN , the supervised learning process minimizes this loss
until convergence. This ensures that for inputs within the
training distribution, the well-trained model predicts a control
sequence nearly identical to the one obtained via online
optimization. For out-of-distribution inputs, the model’s pre-
diction is expected to be an optimal approximation. This
learning-based prediction is not only faster but also exhibits
superior intelligence and generalization in unstructured sce-
narios.

The well-established stability of finite-horizon NMPC,
given its structural parallels to Viper, provides a qualitative
argument for the stability of our approach. This claim is
then addressed empirically in the experimental section, where
a monotonic decrease of the Lyapunov function, VN , is
demonstrated.

IV. EXPERIMENTS

In this section, we perform a series of experiments aimed
at addressing the following questions (Q1-Q5):

Q1: How does the performance of Viper compare with ex-
isting popular methods, particularly in terms of task success
rate, robustness, and inference efficiency?
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TABLE I
SIMULATION RESULTS

Policy
1. Transfer Cube 2. Bimanual Insertion 3. Stack Cube 4. Cube Storage

Success Speed Param Success Speed Param Success Speed Param Success Speed Param

ACT (µ = temporal ensemble) 98% 5.92ms 83.90M 34% 6.30ms 83.90M 94% 5.85ms 83.90M 98% 6.02ms 83.90M
ACT (µ = 1) 0% 5.92ms 83.90M 0% 6.30ms 83.90M 0% 5.85ms 83.90M 0% 6.02ms 83.90M
DP (µ = 1) 98% 183.12ms 263.44M 50% 181.71ms 263.44M 86% 181.32ms 263.44M 68% 183.12ms 263.44M
Viper (µ = 1) 100% 13.45ms 34.30M 92% 13.34ms 34.30M 92% 13.33ms 34.30M 98% 13.45ms 34.30M

Fig. 4. Visualization of each decoder’s output. The high-dimensional proprioceptive outputs from each decoder layer (Trajectory 1-7), along with
their corresponding high-dimensional ground-truth mappings (Trajectory gt), are projected into a lower-dimensional space using Principal Component
Analysis (PCA) and visualized accordingly. The axis labels indicate the proportion of variance retained by each principal component, reflecting the relative
importance of each dimension. A color gradient from blue to yellow, applied to the data points, represents the temporal progression of the time steps.

Q2: To what extent does the unified predictive model
design contribute to performance?

Q3: Can we provide intuitive visualizations of the unified
predictive model’s internal mechanisms and the resulting
behavior of the Viper closed-loop architecture?

Q4: Can the stability of the Viper closed-loop architecture
be empirically verified?

A. Simulation Experiments

Experimental Setup. Our experiments were conducted in
the MuJoCo [42] simulation environment across four dual-
arm manipulation tasks: Transfer Cube, Bimanual Insertion,
Stack Cube, and Cube Storage, as illustrated in Fig. 3.
Each task incorporated 200 expert demonstrations and fea-
tured varying levels of randomized initial conditions coupled
with sparse reward structures to mimic real-world opera-
tional challenges. Aligned with ACT settings, the simulated
workspace comprised two ViperX 300 robotic arms equipped
with parallel-jaw grippers, positioned symmetrically on a
tabletop. Visual inputs were captured through a top-mounted
RGB camera system, providing full workspace observation
for policy training and evaluation.

Metrics and Training Setup. We benchmarked Viper
against two popular baselines: ACT and DP. The ACT model
was trained for 2,500 epochs with a fixed action chunking
size of 50. The DP model underwent 200,000 steps with
a horizon length of 64, utilizing 100 iterations during the
diffusion process. Our Viper model was trained for 2,500
epochs with a prediction horizon of 50. All three models
used the same feedback, executing only the first action after
each prediction, denoted as µ = 1. The methods were
systematically evaluated through 50 randomized trials per
task, with success rate (denoted as “Success”) computed as
the average over these trials. Inference speed (“Speed”) was
measured on an RTX 4090 D GPU by averaging the time
required to generate 50 consecutive action predictions over

TABLE II
ABLATION EXPERIMENT RESULTS

Basic
Framework

Unified
Predictions

Sequential
Predictions

Soft
Constraints

Success
Rate

H.Len=1
States&Actions � � � 2% | 0%

H.Len=50
Actions only � � � 74% | 88%

H.Len=50
States&Actions � � � 80% | 94%

H.Len=50
States&Actions � � � 92% | 98%

“H.Len” refers to the horizon length of predictions. “States&Actions”
indicates that the model predicts states and actions simultaneously.

50 evaluation runs. Model scale (“Param”) was quantified
using parameter counts derived from identical PyTorch im-
plementation frameworks.

Results and Analysis. As demonstrated in Table I, Viper
achieved highly competitive task success rates across all
four simulation tasks while maintaining the smallest model
size and comparable inference speed to ACT, indicating
superior overall performance and supporting Q1. To further
validate the effectiveness of each component in the unified
predictive model of Viper, we conducted ablation studies on
the Bimanual Insertion and Cube Storage tasks, following the
same training and testing protocols as previously described.
The results are presented in Table II. “Unified Predictions”
and “Sequential Predictions” represent whether the model
simultaneously predicts states and actions, and whether it
predicts future sequence rather than just a single timestep.
“Soft Constraints” refers to the static-dynamic encoding
method described in Section III-B. The results reveal that
each component progressively enhances model performance,
answering Q2.

To address the first part of Q3, we visualized the high-
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Fig. 5. Overview of the real-world tasks. Organization: The manipulator
grasps scattered fruits from a tabletop and deposits them into a tray.
Assembly: The manipulator grasps a blue cup and performs a precision
stack onto a red cup.

TABLE III
STANDARD REAL-WORLD EXPERIMENT TESTING RESULTS

Policy
1. Organization 2. Assembly

Success Time Param Success Time Param

ACT (µ = 5) 0% - 83.92M 0% - 83.92M
ACT (µ = 10) 45% 34.67s 83.92M 0% - 83.92M
ACT (µ = 20) 75% 42.94s 83.92M 50% 24.40s 83.92M
DP (µ = 5) 10% 43.60s 263.32M 0% - 263.32M
Viper (µ = 5) 75% 29.23s 34.23M 85% 23.88s 34.30M

dimensional output from each layer of the unified predictive
model, using a randomly selected segment of proprioceptive
state data from the Stack Cube task as input (Fig. 4).
The visualization shows that the high-dimensional trajectory
patterns, which are initially noisy, become progressively
more structured and ordered with each successive layer. The
final output trajectory pattern closely matches the pattern of
the ground-truth proprioceptive states. This visualization in-
decates that the unified predictive model indeed performs an
iterative refinement, akin to online optimization, to generate
its prediction of the optimal sequence.

B. Evaluation on Real-World

Experimental Setup. The experimental platform com-
prises a Realman RM65-B robotic arm, an INSPIRE five-
fingered dexterous hand, a RealSense D435i camera, and
a visual teleoperation data acquisition system. To collect
demonstration data for the real-world robotic IL tasks (Orga-
nization and Assembly, see Fig. 5), operators manipulated the
robotic system through headset-enabled teleoperation with a
Vision Pro. For each task, 150 demonstrations were collected.

Implement Details. We conducted real-world comparative
evaluations of Viper, DP and ACT. All three methods pro-
cessed RGB visual observations and proprioceptive inputs.
Viper and ACT were trained for 4000 epochs, while DP was
trained for 400,000 steps; other training parameters remained
consistent with the simulation settings described previously.
To ensure practical applicability, all three methods employed
an identical feedback for action execution, implementing
the first five steps from the predicted action sequence. The
performance for each task was measured over 20 trials. The
“Success” and “Param” metrics follow the same definitions
as in the simulation study. The “Time” metric measures the
average task completion time on the physical robot. Beyond

Fig. 6. Stability Analysis in the Presence of Perturbations. For each
task, two plots are provided: The top plot illustrates the evolution of the
Lyapunov function over time under perturbations, while the bottom plot
compares its first-order difference with the stage cost. Given the µ = 5, the
Viper system executes initial 5 actions of each predicted optimal sequence,
after which the corresponding data is computed and plotted.

this standard real-world testing, specific perturbations are
introduced to the Viper system to examine the behavior of
the Lyapunov function during task execution and empirically
validate the system’s stability. The performance of Viper
under a broader range of disturbances is presented in the
supplementary video.

Resultes and Analysis. As shown in table III, Viper
demonstrates comparable or superior performance to ACT
and DP in real-world tasks concerning success rate, task
completion time and model scale, thereby affirming Q1.
It is noteworthy that despite a slightly slower inference
time, Viper completes tasks faster than ACT. This suggests
that the Viper system is more effective, producing fewer
redundant action steps compared to the trajectories from
ACT. For the practical stability analysis of Viper system,
the demonstration data are weighted and length-adjusted to
obtain reference trajectories, with the expectation that the
predicted sequences from Viper will be optimal. The data
are then substituted into Equations (9), (3), (4), (5) and
(6) for real-time computation, observing the evolution of
the Lyapunov function VN , its first-order difference, and the
stage cost �. As illustrated in Fig. 6, for both tasks, when
subjected to different perturbation, VN initially exhibits a
rapid, monotonic decrease, followed by bounded oscillations
within a region. In the interval of monotonic decrease, the
condition (10) is satisfied. This empirically demonstrates the
practical stability of the Viper system, addressing Q4 and
the latter part of Q3.

V. CONCLUSION

This work introduces Viper, a novel visuomotor policy
framework that integrates the principles of NMPC with
robotic IL. It replaces the explicit online optimization module
of NMPC with a unified predictive model, which, in con-
junction with a corresponding feedback, enables the efficient
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execution of imitation learning tasks. Furthermore, Viper
reframes IL as an intelligent tracking problem centered
on expert trajectories. This provides a new lens through
which to assess the reliability of learned policies, lever-
aging the Lyapunov stability analysis. Experimental results
demonstrate that Viper framework offers significant gains in
interpretability and task performance. Future work will focus
on validating the effectiveness of the Viper method with 3D
visual inputs.

REFERENCES

[1] M. Zare, P. M. Kebria, A. Khosravi, and S. Nahavandi, “A survey of
imitation learning: Algorithms, recent developments, and challenges,”
IEEE Transactions on Cybernetics, 2024.

[2] S. Mahmoudi, A. Davar, P. Sohrabipour, R. B. Bist, et al., “Leveraging
imitation learning in agricultural robotics: a comprehensive survey
and comparative analysis,” Frontiers in Robotics and AI, vol. 11, p.
1441312, 2024.

[3] Y. Hu, F. J. Abu-Dakka, F. Chen, X. Luo, et al., “Fusion dynamical
systems with machine learning in imitation learning: A comprehensive
overview,” Information Fusion, p. 102379, 2024.

[4] N. M. Shafiullah, Z. Cui, A. A. Altanzaya, and L. Pinto, “Behavior
transformers: Cloning k modes with one stone,” Advances in Neural
Information Processing Systems, vol. 35, pp. 22 955–22 968, 2022.

[5] T. Z. Zhao, V. Kumar, S. Levine, and C. Finn, “Learning fine-grained
bimanual manipulation with low-cost hardware,” arXiv preprint
arXiv:2304.13705, 2023.

[6] S. Lee, Y. Wang, H. Etukuru, H. J. Kim, et al., “Behavior generation
with latent actions,” arXiv preprint arXiv:2403.03181, 2024.

[7] C. Chi, Z. Xu, S. Feng, E. Cousineau, et al., “Diffusion policy:
Visuomotor policy learning via action diffusion,” The International
Journal of Robotics Research, p. 02783649241273668, 2023.
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