Robust Online Residual Refinement
via Koopman-Guided Dynamics Modeling

Abstract—Imitation learning (IL) enables efficient skill ac-
quisition from demonstrations but often struggles with long-
horizon tasks and high-precision control due to compounding
errors. Residual policy learning offers a promising, model-
agnostic solution by refining a base policy through closed-
loop corrections. However, existing approaches primarily fo-
cus on local corrections to the base policy, lacking a global
understanding of state evolution, which limits robustness and
generalization to unseen scenarios. To address this, we propose
incorporating global dynamics modeling to guide residual policy
updates. Specifically, we leverage Koopman operator theory to
impose linear time-invariant structure in a learned latent space,
enabling reliable state transitions and improved extrapolation for
long-horizon prediction and unseen environments. We introduce
KORR (Koopman-guided Online Residual Refinement), a simple
yet effective framework that conditions residual corrections on
Koopman-predicted latent states, enabling globally informed and
stable action refinement. We evaluate KORR on long-horizon,
fine-grained robotic furniture assembly tasks under various per-
turbations. Results demonstrate consistent gains in performance,
robustness, and generalization over strong baselines. Our findings
further highlight the potential of Koopman-based modeling to
bridge modern learning methods with classical control theory.

I. INTRODUCTION

Imitation learning (IL) offers an efficient framework for
acquiring task-specific policies [I-3]. Recent progress in
leveraging large-scale foundation models [4, 5] has further
extended IL’s potential toward generalizable robotic behaviors.
However, pure IL methods remain brittle in long-horizon,
high-precision tasks like furniture assembly—common in daily
life yet inherently challenging [6]. In such settings, even minor
deviations from expert demonstrations can accumulate, leading
to catastrophic failure—a problem known as compounding
error. For instance, misaligning a single peg during assembly
may invalidate the entire construction. Similarly, fine-grained
manipulation tasks require highly accurate control, leaving
little tolerance for errors. Although methods like action chunk-
ing [3] can improve consistency and fluency, they introduce
long decision latencies, compromising open-loop responsive-
ness and increasing sensitivity to environmental perturbations.

To address these challenges, residual policy learning [7—

] offers a compelling solution. By augmenting a pre-trained
base policy with corrective actions through online reinforce-
ment learning, it provides a model-agnostic, plug-and-play
refinement mechanism applicable across diverse tasks, and has
demonstrated strong empirical performance. Yet existing resid-
ual policies are typically limited to local corrections around the
base policy’s output, restricting their ability to address the core
challenge of robotics—robustness and generalization—an as-
pect largely overlooked in residual learning, whereas recent IL
methods scale for generalization. Conventional strategies [ 0]

sample corrections only near base actions, resulting in limited
global awareness and poor extrapolation to novel or unseen
situations. Consequently, when base actions deviate substan-
tially due to model uncertainty, residual policies often fail to
recover, regardless of the base policy’s quality.

We argue that achieving robust residual learning necessitates
a principled modeling of global dynamics to support effective
extrapolation. In particular, modeling dynamics in a time-
invariant manner introduces an essential structural prior that
promotes policy stability during online residual updates. Koop-
man operator theory [1 1] provides a compelling framework by
lifting complex nonlinear dynamics into a linear latent space.
In this lifted space, inherently nonlinear and coupled dynamics
are represented as finite-dimensional, decoupled, and time-
invariant linear transitions, which enables more reliable and
globally consistent modeling of motion dynamic [12]. It also
alleviates the exponential instabilities often encountered in
nonlinear systems, facilitating more stable online training.

Building on these insights, we introduce KORR (Koopman-
guided Online Residual Refinement), a novel and effective
framework for residual policy learning. KORR first models
system dynamics by lifting states into a linear latent space and
propagating them with learned Koopman dynamics. During
correction, the base policy generates an action, which KORR
uses to extrapolate the next imagined state. The residual policy
then conditions on this state to produce a corrective action,
as shown in Fig. 1. This decoupled structure enables the
residual policy to leverage global information for more stable
and robust refinement. By combining Koopman modeling with
residual learning, KORR bridges modern learning techniques
with classical control theory, offering new opportunities for
robust optimization in complex tasks. We evaluate KORR
on challenging, long-horizon, and fine-grained robotic tasks
under various perturbations, including external disturbances
and randomized initial conditions. Experimental results show
that KORR outperforms strong baselines in terms of perfor-
mance, robustness, and generalization. Further comparisons
with standard nonlinear dynamics models demonstrate the
advantages of Koopman-guided modeling. Comprehensive ab-
lation studies offer additional insights into the design choices
behind Koopman operator learning and future study.

In summary, our contributions are as follows:

e Highlight limitations of existing residual policy learning,
particularly its reliance on local corrections and lack of global
awareness, which limits robustness and generalization.

e Introduce KORR, a Koopman-guided residual refinement
framework to enhance robustness and generalization via the
extrapolation capabilities of linear time-invariant dynamics.
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Fig. 1: Overview of KORR. The base policy predicts a chunk of base actions at a lower frequency, while KORR refines these actions
step-by-step at a higher control rate. For each base action ayp,ge,, KORR extrapolates the next possible state 2,1 using Koopman dynamics as
an imagined future state, and then conditions the residual policy on this state to generate a corrective residual action ares,. The final executed
action, obtained by combining the base and residual actions, forms a closed-loop refinement that enhances robustness and generalization.

e Conduct extensive experiments and ablation studies to
evaluate the effectiveness of our dynamics modeling approach,
offering insights for future research.

II. RELATED WORK

Koopman Operator in Robotics: The Koopman oper-
ator [11] offers a linear framework to analyze nonlinear
dynamics by lifting them into a high-dimensional observable
space. Efficient approximations such as Dynamic Mode De-
composition (DMD) [13] and Extended DMD (EDMD) [14]
have enabled practical estimation from time-series data. More
recently, data-driven encoding approaches have been intro-
duced [15]. Koopman theory has been integrated into classical
control paradigms, such as LQR [16, 17] and MPC [18], and
later enhanced by deep learning techniques [19]. For example,
an LQR structure can be embedded into a learned Koopman
representation [20]. In robotics, Koopman-based modeling
enables long-horizon control in interactive settings [12], and
has been applied to pixel-based tasks using reinforcement
learning and contrastive learning [21, 22], though primarily
in simplified environments. Recent work extends Koopman to
dexterous manipulation in both state and pixel spaces [23, 24],
but these tasks are typically short-horizon and designed for
specific setups. Koopman has also been leveraged in imi-
tation learning to improve sample efficiency via its linear
constraints [8]. Overall, Koopman theory has emerged as a
promising modeling paradigm, facilitating learning and control
across diverse robotic domains [25].

Residual Learning in Robotics: Residual learning has
been widely adopted in deep learning to address vanishing
gradients [26] and to enable efficient fine-tuning via delta
updates [27]. In robotics, residual reinforcement learning
(Residual RL) has shown promise in refining predefined

controllers, particularly in challenging industrial settings [28].
Residual policies have also demonstrated improved respon-
siveness and performance in deformable object manipulation
tasks [29]. Model-agnostic residual structures are increas-
ingly used to refine base policies, including vision-language-
action agents [4, 30]. Transic [31] trains residual policies via
supervised learning from human preferences for sim-to-real
transfer, though this requires extensive human involvement.
More recent works apply online RL to train residual policies in
sparse reward settings [9, 32], showing improved task perfor-
mance. Despite these advances, residual policies are typically
constrained to operate within a narrow correction range around
the base policy. While this design accelerates learning and
convergence, it limits exploration and confines optimization to
a local neighborhood—impeding the capture of global features
and thereby restricting robustness and generalization.

III. PRELIMINARY

Koopman Operator Theory provides a linear representa-
tion of nonlinear dynamical systems by lifting the original state

space into an infinite-dimensional Hilbert space [ 1]. Consider
a discrete-time autonomous nonlinear system:
X1 = f(Xr) (1

where x, € X C R is the system state at time ¢, and f : RY —
R? denotes a nonlinear transition function. To enable linear
analysis, the Koopman framework introduces a lift function
g: X — O that maps states into a higher-dimensional space of
observables. The system dynamics in the lifted space evolve
linearly under the action of the Koopman operator K:

Kog(x) =g(xi1) = go f(x) 2

where K is a linear operator acting on the observables.



Koopman for Control Systems requires one more control
input u, in the nonlinear discrete controlled system formulation
as X;+1 = f(%;,u,). A common approach is to lift only the state
X; into the higher-dimensional observable space, while leaving
the control input u; unchanged. Under this setting [33, 34], the
system can be represented linearly as:

T
X
g(xr,u;) = [g(u,l)} s Kog(xpw)=g(xp1) )
Operating in an infinite-dimensional space is impractical for
real-world applications. Thus, Koopman analysis typically
relies on finite-dimensional approximations of the operator.
Specifically, the Koopman operator K can be approximated

by a finite matrix K € R”*? as follows:
K= [A B} @)

where A € R"™ "™ represents the evolution of the lifted state,
and B € R™" models the effect of the control inputs on
the state evolution. Here, p = m 4 n, and the lower block
(denoted as (-)) represents the evolution associated with the
control input u,, which is not explicitly modeled in this work.
The resulting Koopman-based discrete dynamics can then be
expressed as:

K-g(x,u) =A-g(x,)+B-u ~ g(X;41) )

Koopman Operator Approximation aims to identify the
optimal Koopman operator and lift function. The choice of g
is typically made using heuristics (e.g., polynomial lifting or
kernel methods) or a neural network learned from data. To
avoid tedious parameter tuning, we adopt the neural network
approach. Specifically, given a dataset D = {x;,u }¥ ; with
M total data pairs, the Koopman operator K can be obtained
by minimizing the following objective function:

1 M—1
K=argmin ¥ [[g(x)) —K-gxeud)l> (6)
K 2=

where the optimization can be performed via least squares
or data-driven approaches, such as minimizing the MSE loss
using stochastic gradient descent.

IV. METHOD

To address the limited robustness and generalization of
recent conventional residual policies—and to leverage the
long-horizon modeling capabilities of Koopman operator the-
ory—we propose KORR (Koopman-guided Online Residual
Refinement), a model-agnostic framework that augments any
base policy with globally informed, reliable corrections.
KORR benefits from the interpretability and extrapolation
properties of Koopman-based linear dynamics, as illustrated
in Fig. 1. Building on our problem formulation in Sec. [V-A,
we develop KORR through two key components: (1) modeling
system dynamics as linear time-invariant transitions in a latent
space via Koopman theory to capture structured, global tran-
sitions (Sec. IV-B); and (2) guiding residual policy refinement
using Koopman-predicted future latent states to enable stable
and globally coherent corrections (Sec. [V-C).

A. Problem Formulation

We formulate the task as a sequential decision-making
problem: given a base policy that may suffer from impre-
cision or perturbations, the objective is to learn corrective
residual actions to enhance execution. We assume the base
policy uses action chunking, a strategy shown to improve
performance in recent work [1-3]. Notably, KORR makes no
structural assumptions about the base policy, allowing it to
operate with any offline-pretrained model. At each timestep
t, given the environment state X, (or observation o;) and the
base action ap,,, KORR predicts a residual correction ayes, .
Training is conducted via online reinforcement learning under
sparse rewards, highlighting practical applicability [9, 32].
The action space includes end-effector poses in SE(3) and a
binary gripper state, while the state space comprises the robot
configuration (pose and velocity) and object poses.

B. Koopman-Guided Dynamics Modeling

KORR adopts a simple yet effective strategy by modeling
forward dynamics as linear time-invariant evolution in a lifted
latent space, where structured embeddings capture complex
nonlinear behaviors. This design allows the residual policy
to more accurately model state transitions, system structure,
and residual corrections, leading to more effective refinement.
Specifically, we leverage Deep Koopman embeddings to lift
system states into a latent space, while assuming that a linear
control term (without lifting the input) suffices for effective
modeling [16, 35]. We construct a neural network gg that maps
the nonlinear state x; € X into a linear Koopman observable
space z; € O, as shown in Eq. (3). (Alternatively, polynomial
lifting up to a finite degree can also be employed.)

The Koopman operator, represented by a matrix K, captures
the linear evolution of system dynamics in the lifted latent
space. Following Eq. (5), we decompose K into two matrices,
A and B, corresponding to the contributions from the current
state z, and the control input a,, respectively.

A-z+B-a; =174 @)

To learn the Koopman operators A, B, and the lift function
parameters 8, we optimize them via gradient backpropagation
to minimize the model prediction loss .Z (see Eq. (60)). Specifi-
cally, given a dataset 2 = (xp,a9), - - ., (Xp,ay) of state-action
trajectories, where a (equivalently a.y.) denotes the action
executed in the environment, the objective is to minimize the
MSE loss as follows:

Liom =Eig|lzi — (A-z+B-a)||* 5 201 = go(Xe+1) (8)

Note that x;;; represents the next state following X, in
the same trajectory. This dynamical system is time-invariant,
which allows it to naturally capture manipulation skills that are
more robust to intermittent perturbations compared to systems
that explicitly depend on time [36].



C. Residual Policy through Koopman Imagination

Given the state X; or observation o; from the environment,
the base policy 7yse generates a base action apase,. Unlike
traditional residual policies that generate the residual action
directly based on the state and base action, we integrate an
additional layer of imagination through Koopman dynam-
ics to enhance both robustness and interpretability. Using
Koopman dynamics, we first project the next imagined state
z}’isf based on executing apyge,. Then, the residual policy e
conditions on this imagined state to generate the residual
action areg, (see Eq. (9)). Finally, the executable action aeye, is
computed by summing the base action ap,, and the residual
action ars, .

A- g0 (Xt) +B- QApase, — Z?f]e 5 Ares; = Tlres (Z}’Jarsle) 9

We train the efficient residual Multi-Layer Perceptron (MLP)
policy m.s with the base policy frozen, using online RL to
fine-tune and address issues of imprecision, slow reactivity,
and limited robustness and generalization. We apply PPO [37].
With these straightforward updates (highlighted in light-blue
in Alg. 1), we leverage the robustness of Koopman dynamics’
extrapolation for a holistic system view. Additionally, by
conditioning on the predicted next state rather than the base
action and current state, we decouple the residual policy’s
understanding, mirroring human decision-making, which often
relies on anticipated outcomes over direct sensory inputs [38].

Algorithm 1 KORR pseudo-code with PPO

1: Initialize base policy 7, (pretrained and frozen here), residual
policy s with parameters ¢.

2: Initialize Koopman Operator A and B, and lift function g(-) with
parameters 6.

3: for iteration = 1 to N do

4: for each environment rollout step do

5: Observe current state x;

6: Compute base action: apase, = Mpase (Xr)

7: Koopman extrapolate: A -gg(X;) +B - apyee, = z}’j‘*l“ >
See description in Eq. (9)

8: Compute residual action based the imaginary next state:

— ~base

Ares, = 775res(‘,+1 )

9: Execute aexe, = @pyse, + Ares,» Observe reward r, next state
Xi+1

10: Store (X;,aexe, ;7 X;+1) into buffer 2

11: end for

12: Compute advantage estimates A using GAE

13: for update step do

14: Compute Koopman loss %, to update 6, A, and B >
MSE loss depicted in Eq. (8)

15: Compute PPO loss .Z}po to update all of the parameters
including the ¢

16: end for

17: end for

V. EXPERIMENTS

With the above relatively simple modifications, our method,
KORR, demonstrates stronger robustness, generalization, and
higher performance compared to conventional residual policies
under online reinforcement learning. In this section, we present
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Fig. 2: Task visualizations. Snapshots of the IKEA Furniture
Assembly tasks used for evaluation throughout our experiments.
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experimental results designed to address the following research
questions (RQs):

e RQ1: Does KORR improve robustness and performance
over traditional residual policies?

e RQ2: Does Koopman modeling offer advantages over
non-linear dynamics for residual learning?

e RQ3: Which design choices in KORR are critical for
stable performance?

A. Experimental Design

Benchmarks and Baselines: We evaluate KORR on the
challenging 6-Degree-of-Freedom (DoF) long-horizon Furni-
ture Assembly benchmark [6], built with IsaacGym [39]. This
benchmark has been widely studied in recent works [31,
32, 40, 41] for its real-world complexity and fine-grained
manipulation skills. For base policies, we adopt the official
implementations of (1) Diffusion Policy (DP) [2], which learns
via denoising diffusion probabilistic models [42], and (2)
CARP [ 1], which employs coarse-to-fine autoregressive predic-
tion. To evaluate residual policy designs, we compare KORR
against: (1) ResiP [32], a basic MLP-based residual policy; and
(2) ResiP + Non-Linear Dynamics, a variant where residuals
are predicted via learned non-linear dynamics (MLP). Residual
policies are separately trained for each base policy—task pair.

Tasks and Metrics: We evaluate on three challenging
tasks from the IKEA Furniture Assembly benchmark [6]:
One_Leg, Round_Table, and Lamp (visualized in Fig. 2).
Each task requires executing long-horizon dexterous skills
such as picking, placing, inserting, screwing, and flipping, over
episodes lasting up to 1000 steps (One_Leg is capped at 700
steps). To systematically assess robustness and generalization,
we introduce (1) initial randomness in object placements,
categorized into Low, Med, and High levels, and (2) external
disturbances, where objects are perturbed after each action
(w/o vs. w/ disturbance). These settings simulate real-world
uncertainties. Policies are evaluated over 1024 episodes, and
success rates are reported based on the best-performing ckpt.

B. General Robustness and Performance Study

To thoroughly evaluate residual policy performance, we
introduce two levels of initialization randomness—Low and
Med—with an additional High level used exclusively for the



Methods One_Leg Round_Table Lamp
Low Med High Low Med Low Med
DP [2] 47.97 23.93 4.39 5.76 1.56 5.57 1.46
w/o w/ w/o w/ w/o w/ w/o w/ w/o w/ w/o w/ w/o w/
ResiP [32] 98.14 85.35 84.99 46.09 30.03 3.20 96.19 80.27 52.73 22.66 86.58 60.55 51.66 29.98

KORR (ours) 98.73 90.38 87.21 52.31 44.04 8.30 96.78 81.35 67.19 27.25 89.65 63.48 74.47 39.16

Tab. I: Performance across tasks and difficulty levels. We report the success rate (%) based on 1024 rollouts for each task. The residual
policies (ResiP and KORR) are built upon the same base policy (DP), with the entire training process conducted without disturbances.
Here, w/o denotes evaluation without disturbances, while w/ refers to evaluation with the corresponding level of disturbance. By seamlessly
incorporating simple Koopman dynamics, KORR consistently surpasses conventional residual policies in both task performance and robustness.

One_Leg task. Each level is associated with a disturbance
scale, where scene components are randomly perturbed after
each interaction with the environment to simulate the robust-
ness required in real-world tasks. All residual policies are
fine-tuned via reinforcement learning on a fixed, disturbance-
free base policy, with disturbances applied only during the
evaluation phase to fully test the model’s robustness. Here,
we denote evaluation without disturbances as w/o, and with
level-specific disturbances as w/.

As shown in Tab. I, KORR not only consistently improves
success rates under normal conditions but also exhibits remark-
able robustness across all tasks and randomness levels when
disturbances are applied. The impact of Koopman dynamics
plays a key role in this improvement. By modeling the global
dynamics, KORR enables the policy to generalize effectively,
even under unseen conditions. This extrapolation capability
is especially advantageous when disturbances create novel
situations. These results strongly support RQ1, demonstrating
that KORR achieves substantial performance and robustness
improvements with minimal changes to the implementation,
as illustrated in Alg. 1.

One_Leg
—Med J|A —Med A

ResiP [32] 1641 8328 732 9239
KORR(ours) 22.27 7744 1054 89.11

Round_Table Lamp
—Med [A

17.28 80.04
18.75 79.09

Methods

Tab. II: Generalization performance. Direct evaluation of Low-
trained policies under Med initialization randomness.

We further assess the generalization capabilities of KORR
enabled by Koopman dynamics. In this experiment, residual
policies trained under Low initialization randomness are di-
rectly deployed at the Med level, evaluating their ability to
adapt to previously unseen scenarios, while the base policy
remains frozen throughout. As shown in Tab. II, KORR
consistently achieves stronger generalization, exhibiting higher
success rates at Med (measured by — Med) and smaller
relative performance drops (measured by | A, computed as
xoifna] x 100%), compared to ResiP. These results further
validate KORR’s robust extrapolation to unseen scenarios, thus
strongly supporting RQ1.

We further evaluate the universality of KORR by applying

One_Leg (Low) Round_Table (Low)

o lamn o e

n lan

s | e leas sre lsae e leas

w/o disturbance

w/ disturbance w/o disturbance w/ disturbance

Fig. 3: Universality across base policies. KORR consistently
enhances performance and robustness with an alternative base policy.

it to different base policies, retrained for each scenario. In
Fig. 3, KORR, when applied to an autoregressive base policy,
CARP [1], consistently outperforms legacy residual methods,
achieving significant improvements in both success rate and
robustness. These findings provide further support for RQ1
and demonstrate KORR’s flexibility in integrating with various
base policies. Additionally, we observe that the initial quality
of the base policy influences the effectiveness of residual
learning, as detailed in Fig. 6. The reported success rates of the
base policies reflect their frozen performance under standard,
disturbance-free conditions.

C. Linear Benefit Study

Compared to traditional residual policies [32], KORR in-
corporates a simple yet effective linear dynamics model dur-
ing online RL fine-tuning. In contrast, conventional designs
typically favor non-linear dynamics, often parameterized by
MLPs. To better isolate the benefit of linear structure, we in-
troduce an additional baseline, ResiP + Non-Linear Dynamics
, where a non-linear transition dynamics model predicts future
states conditioned on the current state and base action, and
the residual policy is trained accordingly on these imagined
outcomes as well.

As shown in Fig. 4(a), we evaluate performance across
all levels of randomness in the One_TLeg task, under both
w/o and w/ disturbance conditions, as well as in general-
ization settings (Low/Med training to Med/High evaluation).
The results show that KORR consistently outperforms the
ResiP baseline, whereas the addition of non-linear dynamics
leads to performance degradation. Compared to non-linear
extrapolation, KORR enforces a linear time-invariant structure
through Koopman modeling, encouraging the learning of glob-
ally consistent dynamics. This inductive bias improves long-



Linear vs. Non-linear Fit Comparison
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(a) Success rate in One_Leg task.
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(b) Extrapolation behavior of linear vs. non-linear models.

Fig. 4: Comparison of non-linear and Koopman-guided dynamics. (a) shows that non-linear dynamics hurt performance, while Koopman-
based dynamics consistently improve robustness and generalization. (b) shows a simple analytical experiment on polynomials demonstrates
that linear models extrapolate conservatively and stably, while non-linear models suffer from large errors outside the training range.
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Fig. 5: Dynamics prediction error. Linear Koopman constraints
improve stability, producing more consistent and accurate long-term
extrapolations, measured by MSE (mean * std) over 10 rollouts.
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horizon extrapolation, mitigates overfitting to spurious correla-
tions, and reduces cumulative prediction errors—ultimately en-
hancing robustness and generalization, thus supporting RQ2.
In Fig. 5, KORR achieves significantly lower prediction drift
over time, whereas non-linear dynamics often exhibit instabil-
ity and oscillation. This linear prior provides stable inductive
regularization and helps avoid the divergence commonly ob-
served in unconstrained non-linear models.

To provide intuitive insights into these findings, we combine
empirical comparisons with deeper non-linear architectures
and theoretical analyses with formal proofs of their extrap-
olation behavior. As reported in Tab. III, non-linear dynamics
modeled by MLPs show no improvement and even cause a
notable performance drop, despite using deeper, more expres-
sive architectures. This is consistent with the findings in recent
work on the benefits brought from linear modeling [12, 43].

One explanation lies in extrapolation. When fitting complex
non-linear targets with limited and range-restricted data, lin-
ear models often generalize better due to their conservative
extrapolation behavior [43]. This advantage becomes more
pronounced in long-horizon settings where errors accumulate
over time. As shown in Fig. 4(b), we fit both linear and
non-linear models to a complex polynomial target function

Task | ResiP  NL (2-layer)

98.14 97.32
84.99 81.93

NL (4-layer)

97.47
80.76

KORR (Ours)

98.73 (1)
87.21 (1)

Low
Med

Tab. III: Evaluation with stronger non-linear dynamics. Results
on the One_Leg task without disturbances using DP [2] as the
base. Deeper non-linear (NL) models fail to improve and may
even reduce performance, whereas Koopman dynamics consistently
enhances results, echoing recent findings on linear modeling [12, 43].

Training Process

logstd=-1

2000 159¢

apey ss

Fig. 8: Ablation on exploration rate. Properly balancing explo-
ration is crucial: excessive exploration destabilizes early learning,
while insufficient exploration limits policy improvement. A moderate
exploration rate enables stable and efficient residual policy training.

using limited training data. Outside the training range (e.g.,
(2,3]), the non-linear model exhibits large prediction errors
that worsen with increased extrapolation distance. In contrast,
the linear model remains stable and achieves lower overall
MSE, reflecting its robustness and superior generalization due
to the conservative nature of linear extrapolation.

To further support the empirical results, we compare the
extrapolation behavior of a linear model fji,(x) = ag+ajx and
a non-linear polynomial fyory (x) = ¥3_oaix’ over x € [x,xo +
0], where x is at the edge of the training region (with limited
dataset). The linear model has a constant derivative and is
globally Lipschitz:

| fiin (%) = Fiin(x0)| = |a1 |- [x = xo
Extrapolation grows linearly, predictably bounded by |x — xo|:

£ (x) = fiin ()| < £ () = £ (x0) |41 (¥0) = iin (x0) | + a1 |- ]x =0
Taylor’s theorem bounds the non-linear polynomial error as:

)]

d+1
(d+1)! |

|x—xo for some & € |xo, x|

|f(x) _fpoly(x)| S



One_Leg

Effect of Base Policy Quality on Residual Online Training

Round_Table

e
w/o w/ w/o w/ w/o w/ w/o w/ 3k
0.1k
KORR 98.73 90.38 87.21 5231 44.04 830 96.78 81.35 04
KORR w/o bkp () 9599 8359 7373 3516 1924 2.83 64.94 28.91

Tab. IV: Effect of disabling RL loss backpropagation to Koopman dynamics. In KORR,

RL losses backpropagate into the Koopman dynamics module alongside a standalone predic- e o W soom ’

tion loss (see Alg. 1). We ablate this by blocking RL gradients and evaluating One_Leg and
Round_Table tasks across randomization levels, with and without disturbances. Removing
RL feedback severely degrades performance in all settings, indicating that minimizing the
Koopman prediction loss alone is insufficient; task rewards are necessary to guide the lifted

representation in capturing reward-relevant features.

Fig. 6: Effect of base policy quality. The
same residual policy is trained on base dif-
fusion policies of varying training durations.
Better-trained base policies accelerate resid-
ual learning and improve final performance.
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Tab. V: Effect of goal-conditioning on residual policies. We incorporate goal-conditioning
into the residual policy by providing the final desired state, constructed from the last frame
of a successful rollout, as an additional input. Goal information slightly improves KORR but
degrades ResiP, highlighting KORR'’s potential advantage in goal-conditioned tasks.

The extrapolation error scales as &(|x —xo|¢*!), leading to
rapid error amplification even with moderate d and small ex-
trapolation beyond the training region. This highlights the in-
stability of high-degree polynomials in extrapolation, whereas
linear models provide more stable and conservative predic-
tions, mitigating error amplification in long-horizon prediction.

D. Additional Ablation Study
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Fig. 9: Visualization of key ablation studies in KORR. High-
lighted ‘question’ emojis indicate the specific ablation topics dis-
cussed below, such as lifted dimension and others.

To further investigate the design choices of KORR and ad-
dress RQ3, we conduct a series of further studies focusing on
the use of Koopman-guided dynamics. We analyze the impact
of the exploration rate during residual policy training (Fig. 8)
and examine how the quality of the base policy influences
the learning of residuals (Fig. 6). Regarding the Koopman
dynamics itself, we perform extensive ablation studies (Fig. 9),
including evaluations of the lifted space dimension (Fig. 7), the
importance of backpropagating the RL loss into the Koopman

Fig. 7: Effect of lifted dimension. A 128-
d lifted space performs best, while larger di-
mensions add unnecessary complexity, high-
lighting the need to match the lifted dimen-
sion to task complexity.

module (Tab. IV), and the feasibility of incorporating goal-
conditioning (Tab. V). These comprehensive ablations offer
strong guidance for the future application and refinement of
the Koopman-guided framework.

VI. CONCLUSION

In this work, we presented KORR, a Koopman-guided resid-
ual refinement framework that enhances robustness and gen-
eralization by modeling global dynamics through linear time-
invariant structures induced by Koopman operator theory in
a lifted latent space. By constraining residual learning within
this linearized space, KORR improves stability and mitigates
the sensitivity of non-linear dynamics to disturbances. Com-
prehensive experiments and ablation studies further validate
the design choices and offer guidance for future extensions.
Moreover, by leveraging Koopman-based linearization, KORR
naturally connects learning-based approaches with classical
control techniques, such as LQR [19] and ESO [44], which
are inherently effective in linear regimes. KORR represents
a promising step toward integrating control-theoretic insights
into learning frameworks, paving the way for more robust and
principled learning in future practical robotics applications.
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