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ABSTRACT

Whereas reinforcement learning has been applied with success to a range of robotic control problems in complex, uncertain
environments, reliance on extensive data - typically sourced from simulation environments - limits real-world deployment due to
the domain gap between simulated and physical systems, coupled with limited real-world sample availability. We propose a
novel method for sim-to-real transfer of reinforcement learning policies, based on a reinterpretation of neural style transfer from
image processing to synthesise novel training data from unpaired unlabelled real world datasets. We employ a variational
autoencoder to jointly learn self-supervised feature representations for style transfer and generate weakly paired source-target
trajectories to improve physical realism of synthesised trajectories. We demcnstrate ihe application of our approach based on
the case study of robot cutting of unknown materials. Compared to baseline methods, including our previous work, CycleGAN,
and conditional variational autoencoder-based time series translation, our approach achieves improved task completion time
and behavioural stability with minimal real-world data. Our framewoik demonstrates robustness to geometric and material
variation, and highlights the feasibility of policy adaptation in challenging contact-rich tasks where real-world reward information
is unavailable.

Introduction

Emerging applications for robotics have tostered increasing interest in low-volume, high-mix disassembly processes in industry.
These processes are characterised by a high degree of uncertainty, due to variable designs and lack of prior knowledge in
the form of component models. coupled with demands of logistical flexibility, which traditionally implies the requirement
for expensive reprogramming and reconfiguration of robots. This is of interest in domains such as nuclear decommissioning,
robotic disassembly of complex products for recycling and re-use, and even areas such as robotic surgery or demolition with
robotised demolition equipment. Nonetheless, challenges exist in automated planning and task execution for destructive
operations. Whereas manufacturing paradigms centre around achieving high dimensional tolerances and precise control on
a known workpiece, for disassembly, the precise location of cutting is less important (few mm as opposed to m) while the
precise sequence of cutting operations may not be known in advance. This uncertainty has motivated various approaches to
robotic cutting, consisting of goal-conditioned trial-and-error & revision'-2, 3D reconstruction & planning?, and online learning
& adaptation®?.

Reinforcement learning (RL) has been applied with success to a variety of contact-rich tasks®’, including robotic cutting®?,
particularly with difficult-to-model environments with complex robot-environment interactions, but are nonetheless data
intensive. Whereas simulation environments offer reduced complexity and overhead of data collection, differences between
simulated and physical cutting processes limit the applicability of adaptive methods to real-world tasks. Examples of such
differences include motor backlash, tool wear, chattering, cross-domain mismatch of process and model parameters and other
disturbances. These differences motivate the use of domain adaptation methods to align representations or behaviours across
domains with minimal real-world supervision. These can be broadly separated into unified feature representation learning,
model-based correction, and model-free synthesis of target domain examples.

Domain adaptive methods include'? in which policies are trained on a cross-domain latent feature representation by aligning
source and target domain distributions. A related concept applied to milling was proposed in® based on a cross-domain
meta-model, trained on pairwise unified feature representations. Similarly, adversarial losses using domain discriminators
have been employed for cross-domain tool wear classification'!. Reconstruction-based methods have also been employed to



jointly model observation and class distributions'?; this concept has been further developed based on conditional variational
autoencoders (CVAEs)!? wherein CVAE feature representations were used to train an RL policy, while feature representations
are aligned across domains.

Model-based approaches have previously also been employed for domain adaptation, wherein a source domain task model
is augmented with a corrective model based on physics-informed approaches'#, neural networks'> !¢ or Gaussian process (GP)
models!”-!® learned from target domain data. In our previous work,'® we proposed an imitation learning framework in which a
GP corrective model was learned from multiple cutting trajectories. Nonetheless, model-based approaches incur limitations of
modelling assumptions under which the models are introduced, and incur a dataset overhead, particularly for deep predictive
modelling approaches.

Relating to the aforementioned approaches is direct alignment of observations across domains via translation or generative
models. In the context of milling,?’ proposed a domain adaptation method for condition monitoring of different milling tools
based on a generative CNN. Similarly,?!, proposed a domain adaptive imitation learning framework from visual demonstrations
based on CycleGAN??. Generation at object level has also been proposed”® wherein a StyleGAN image translation model is
trained object-wise on weakly-paired cross-domain datasets for 6D pose estimation. CVAEs have also been employed for
domain adaptation via synthesis of novel target domain examples>*.

Neural style transfer has been extensively researched in the context of image processing?2°. Recently, this concept has
been extended to motion execution. Thus far, its application has been limited largely to expressive stylised motions mirroring
that of human operators>’-?®, Nonetheless, its applicability to synthesise novel trajectories with characteristics of diverse human
operators presents a compelling case for its application to other domain adaptation problems. Recently, this has been applied
for dataset augmentation tasks”. A limitation of the aforementioned methods is lack of a suitable pairing mechanism for style
and content, as well as lack of feature extractor backbones prevalent in image processing tasks. For transfer learning, addressed
this problem?° by building on the concept of conditional adversarial domain adaptation! to achieve feature-level style transfer
for transfer learning. Nonetheless, adversarial alignment can be difficult to train, with well-known problems of mode collapse
and vanishing gradients. Whereas these developments have been applied to time series classification problems, application of
style transfer for RL policy transfer is, to the best of our knowledge, largeiy unexplored.

This paper extends our previous example-based approach for sim-to-real adaptation to arbitrary real world examples. As
with our previous work, our approach does not require re-training of classifiers or encoder networks to adapt to new scenarios
(different disturbance forces, differing sensor dynamics, etc.). In contrast to prior work that applies neural style transfer
primarily for stylised motion synthesis or dataset augmentation, we apply it as a trajectory-level domain adaptation mechanism
for robotic skill transfer. Our contributions are threefold: (1) a latent-space pairing mechanism for content and style that
operates without paired examples or retraining; (2) a novel transfer framework based on neural style transfer that does not
require labelled or reward-supervised data fiom the target domain; and (3) empirical evaluation on robotic cutting, a task
where conventional reinforcement learning pipelines are difficult to apply due to the absence of reward signal in the real-world
deployment environment. An overview ot our framework is provided in Figure 1.

Style transfer framework

Variational autoencoder

The variational autoencoder (VAE) consists of two neural networks: an encoder g4 (z|x) that approximates the posterior over
latent variables z € RY, and a decoder pg (x|z) that reconstructs the data from the latent representation. The encoder network
q¢(z|x) outputs distributional parameters u 6 (x) and diagonal log-variance log G(% (x) of a multivariate Gaussian posterior as

q9(2lx) = A (23 1y (x), diag(0 (x))) (D
A latent code z is sampled via the reparametrisation trick:
2= Uy(x) +oy(x) 0, €~ A(0,]). 2)

The decoder pg(x|z) reconstructs the input x from the latent code; for continuous data, we used an isotropic Gaussian likelihood
A (x;1g(2),1). The VAE loss function is expressed as the evidence lower bound (ELBO), which comprises a reconstruction
loss and a KL divergence regularising term:

Z(6,0;x) = Ey, (- [log pe (x[z)] = Dxw[g4 (z]%) [| p(2)] ©)

where p(z) = A4(0,1) is the standard normal prior over latent codes. Training was carried out with the Adam optimiser,
with model hyperparameters established via manual search, reported in Table 1. Both encoder and decoder networks were
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Figure 1. Overview of proposed framework. In the first stage, a simulation of cutting mechanics is used to generate an expert
policy and a variational autoencoder (VAE) is trained on simulated trajectory windows. In the second stage, the VAE encoded
representations are used to generate pairings between a simulated and real world dataset which are used as style targets. Finally,
expert trajectories are used to train a learner target domain policy with the generated observation windows.
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Figure 2. Overview of VAE encoder architecture; layer indices for style transfer are demarcated.

implemented as strided convolutional networks with 3 layers. Batch normalisation was further employed to accelerate
convergence and reduce training instability. The encoder architecture is visualised in Figure 2.

The VAE training dataset consisted of a mixture of 680 on-policy and off-policy simulated trajectories. We consider a
trajectory as a multivariate time series of length 7 which comprises a sequence of state-action pairs:

= {(x,y) o )

where x; € RYs, y, € RM are the states, actions at time ¢ respectively. The index j € {1...N;} denotes the trajectory, with Ny
the total number of trajectories in the dataset. Each trajectory 7; is divided into overlapping windows of length N, resulting in a
set of state and action windows:

X =[x X1, Xeyy—] € RV (5)
) :[,ytvyt+17"'7yt+N—l] ERNXNA (6)
where the ith window corresponds to i = j+1, and 7 € {1...T — N + 1} to avoid windows overrunning the trajectory. The

window width N and latent code dimensionality emerge as tunable parameters for which a trade-off exists between the temporal
context afforded to the model, reproduction accuracy and saliency of the latent space. Through preliminary experiments,



this was reflected in increased RMS error of the autoencoder reconstructions and reduced average cosine similarity between
simulated and real world embeddings with increasing N and dimensionality respectively. A window size of N = 100 samples
(2 seconds) was identified as providing the best trade-off between these factors.

Policy adaptation

We adopt a similar approach to our previous work'® to adapt a pre-trained policy to observations synthesised from unlabelled
target domain data. In this procedure, an “expert” policy 7, is initially trained in a simulation environment with a physically-
informed cutting model, as introduced in our previous work>?, with model parameters from Table 2. The expert was trained
initially for 32000 episodes using the proximal policy optimisation (PPO) algorithm with domain randomisation of material
properties. The workstation for training consisted of an Intel i17-8086K CPU, NVIDIA GTX 1080 Ti GPU with 11GB
VRAM, and 32GB RAM. To synthesise a training dataset to adapt the policy to the target domain, a translation function
f:RVNs — RV*Na g applied to each simulated state window:

x(gvi)* — f(x(cvi>) (7)

where we refer to simulated windows as c, real world windows as s, and synthesised windows as g. We refer to such synthesised
observations g as the “surrogate target domain™. Synthesised states are paired with the corresponding expert action on x(°) to
generate a labelled dataset

7 = {80,z (D))}, (®)

We subsequently train a target domain policy 7,, initialised as 7, = 7, on 2 using behavioural cloning. We note this procedure
can be extended to alternative imitation learning algorithms (such as DAgger) provided f can be inferred during generation of
source windows x(¢%). Under the assumption that the environment satisfies the Markov property, the policy learning process is
unaffected by the windowing procedure. As the full trajectories do not need to be reconstructed, limitations of other methods
such as requirement for blending or enforcing temporal consistency are inapplicable to this work?®. Furthermore, as each
trajectory is decomposed into T — N + 1 windows, the windowing approach has the effect of significantly augmenting the
training data.

Style transfer

In this work, we consider neural style transfer? as a translation function wherein x(8 )* arise from solving the style transfer
optimisation problem:

x(&i* = argn(m)l (wCLC (o6, X)) Ly (, x5 ))) 9

Fatis

where w, and wj are the content and style weights, respectively and L., L are content and style loss contributions respectively.
The content loss is defined as:

1 c 2
- (7

where F(¢) F(&1) are the feature outputs of layer [/ for the content and generated output respectively. The style loss similarly is
expressed as

1 5, D\?
=L g (0 1')

where G is the style Gram matrix of layer / outputs F(5:!)

GO — pll) pTs) (12)
and similarly for G(>/). The generated windows were initialised as

&) — yled) (13)

and (9) optimised by gradient descent using the Adam optimiser. The relative content-style weighting w,./ws was tuned
manually through a grid-search procedure. To give insight into this process, Figure 3 shows the effect of the relative content-
style weighting (w,/w;) on their relative (i.e. unweighted) loss contributions and unweighted total loss. At high values of
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Figure 3. Effect of content-style weight ratio w, /w; on normalised (unweighted) content-style loss, averaged over 5
content-style batches (batch size 256), with chosen value w,./w; = 0.02 indicated (dotted line), with comparison of generated
and target window (right) with w./w,; = 0.02 shown. Decreasing ratio results in diminishing returns on style while diverging
substantially from the original content windows. Increasing ratio tends towards ideiitity (generated windows correspond to
unaltered simulated windows).

w,/w;s (shown left), the optimisation weights heavily towards reconstruction of the original content windows, and hence the
generated windows do not differ from the simulation dataset in the case of initialisation as (13). With decreasing w, /w; (shown
right), the total loss is dominated by increasing content reconstruction error; the generated windows increasingly resemble the
real-world dataset, however, do not reflect the simulated task dynamics. Hence, w,/w; was reduced until diminishing returns
on the (unweighted) style reconstruction loss was observed. We report relevant optimisation parameters in Table 1. Figure 4
shows the convergence process of the window generation process in (9). Convergence occurs rapidly in the first 200 iterations,
with gradual improvement for the remaining 800 iterations, and guides the selection of iteration count in Table 1. As per the
initialisation scheme in (13), the content loss increases with each style transfer iteration as the generated window is modified to
reduce the style loss.

A compelling advantage of encoder or classifier-based approaches is that they operate on unpaired cross-domain datasets.
To improve the realism of generated trajectories, we employ a pairing mechanism that takes advantage of the unsupervised
feature representations learned from the source domain data to generate weakly paired content and style windows. An intuitive
analogue would be matching images with similar composition and subjects, reminiscent of the weak paring mechanism in”3. In
the first stage, the real world dataset is encoded in entirety by the encoder network to generate a dataset of embeddings. In the
second stage, the simulated content window(s) are encoded and a content-style pairing matrix is constructed by the pairwise
cosine similarity between x(¢¥), x(/) representations as

%" Zj

TR (14)
[zl - {z;l]

Si =
In the last stage, the closest match real embedding is paired with the simulated embedding. For each row i, the index of the
most similar pairing was obtained by:

j'i=argmax j,S;; (15)

For windows where the pairing diverged substantially from the content, the optimisation process introduced mean shifts
into the observations, as well as introducing artefacts from the encoding process. Following the intuition of>°, qualitatively, we
observed that pre-aligning the means of the content and style windows resulted in higher quality generated outputs. Figure 5
shows a representation of the content-style pairings generated by the pairing procedure. The data show the formation of distinct
clusters according to simulated and real world trajectories. Unsurprisingly, the real world embeddings with the most matches
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were found predominantly at the intersections of the clusters. This parasitic behaviour is reminiscent of the mode-collapse
phenomenon in generative-adversarial networks. Nonetheless, around 50% of real world points were matched at least once,
with matched windows dispersed throughout the latents, indicating good coverage of the real world dataset. We evaluated
whether the VAE-based matching procedure produced meaningful sim-real pairings by comparing the cosine similarity of
matched latent codes to two baselines: (i) the similarity obtained by pairing each simulated window with a randomly chosen
real window (random matching of j*, as opposed to (15)), and (ii) the similarity between real-window embeddings and latents
sampled from the standard normal prior (prior baseline). The mean cosine similarity of the matched pairs was 0.515, compared
with 0.269 for random matching, and 0.193 for prior samples. Comparison with Welch’s t-test (two-sided) strongly rejects the
null that matchings are random (¢(1479.7) = 34.2,¢(970.60) = 91.8; p < 0.001).

For adaptation, 50 episodic trajectories were collecied in source domain with the expert policy, which formed the content
dataset. Note this is separate from the 680 trajectories used to train the VAE, which consisted of a mixture of off-policy and
on-policy trajectories. For this work, the style dataset consisted of 148 off-policy trajectories collected from the real world. We
note this is not a hard requirement; dataset size is motivated primarily by avoiding breakdown of the pairing and style transfer
mechanism where content and style windows diverge substantially.

Experimental setup

As with our previous work, experimental validation was carried out on a KUKA LBR iiwa R820 14kg collaborative robot
equipped with a wrist-mounted motorised slitting saw tool. The iiwa was connected via the Fast Research Interface (FRI) to a
Robot Operating System (ROS) workstation with a communication frequency of 500Hz. The workstation used for experimental
validation was equivalent to the training workstation used for initial policy training, as specified in the policy adaptation
procedure. The robot was equipped with a motorised slitting saw tool; whereas geometric parameters of the tool reflect the
training parameters in Table 2, the number of teeth was doubled to introduce further cross-domain mismatch.

The cutting task was represented as a single conventional milling pass over an material with variable geometry, following a
nominal trajectory defined at the material surface. As proof of principle, the reference path was defined manually with respect
to the surface for all case studies. During the cutting task, the policy provides as output a translational stiffness, incremental
offset to the depth of cut (DoC), and the feed rate, relative to the planned (nominal) trajectory. The nominal feed rate was
chosen as 0.75 m/min. The controller damping gain K; was adjusted independently according to the stiffness to provide a
damping ratio of 1.0 (i.e. critically damped). Trajectory tracking was achieved according to the operational space control law

T'=J"[Alq) (Ka()e+Kp(t)e) + fi(q.4) +P(q)] (16)

where I are the commanded joint torques, J the robot Jacobian, and A, i, p are the estimated operational space inertia matrix,
Coriolis & centrifugal forces, and gravitational forces respectively.

During the cutting task, the process force was monitored via an FT-AXIA 80 force-torque sensor, mounted at the robot
wrist. However, our method in principle is applicable to different types of sensors, such as those built in to the iiwa, provided
real world examples collected with such sensors. Prior to each trial, the force sensor was biased at the start of the trajectory.
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Force sensor gravity compensation was achieved via the following correction:
w W pEE A W pEE »
Foy =RppF*F +mg (2 — REERW,OZ) a7
where m is the tool mass, g is the gravitational acceleration, F' ng is the measured external force in the world frame W, Z is the

z-axis basis vector of W, and REF, REE, are the world to end-effector (EE) rotations at the current end-effector pose, and bias
pose, respectively. An overview of the experimental setup and case studies is provided in Figure 6.

Results

In this section, we evaluate the proposed method in comparison to the unadapted expert policy and state-of-the-art methods
based on the previously established experimental setup. To demonstrate the performance of each method on a range of materials,
cutting trials were carried out on polyurethane foam, cardboard, corrugated plastic, mica and aluminium. We further establish
3 separate case studies on each material to evaluate the policy performance under different path planning conditions. We
evaluate each method by task completion time, average path deviation, average tool load, material removed volume (MRV), and
similarity of the adopted action trajectories to the source domain expert actions, averaged over 5 trials per material for each
strategy, and aggregated over all materials. To mitigate effects of drift (e.g. tool wear, temperature, calibration errors), trials for
each strategy were interleaved.



Comparison methods

For the subsequent real world experiments, we adopt the following terminology to denote comparison methods: ‘Expert’ refers
to the unadapted source simulation expert policy, as transferred directly to the real world task. ‘BC’, or standalone behavioural
cloning, represents our previous work, in which the simulation is augmented with a Gaussian process (GP) regression model
trained on aligned trajectories from 14 preliminary experiments on aluminium and mica (a subset of the 148 real world
trajectories considered in this work). In the case of real world trajectories, the number of trajectories used for the previous
method is substantially lower, however, relies heavily on modelling assumptions which are embedded into the GP kernel &
alignment approach, which are not used in this work. ‘CVAE’ represents a conditional variational autoencoder using the same
real world dataset as adopted for style transfer. Note in this instance, the encoder itself is trained on the entire dataset of both
real world and simulation data, conditioned on a one-hot domain label (simulation or real world). Simulated data are encoded as
with the style transfer approach, however, at decoding time, the one-hot class label is swapped to generate a synthetic window
of the desired class. ‘CycleGAN’ is also introduced as a comparison method. In this instance, the surrogate real world dataset is
synthesised by the sim-to-real generator network. With all methods, the generator / encoder architecture was chosen equivalent
to Table 1. For CycleGAN, a smaller discriminator network, with output channels [64,128,256] was used due to mitigate the
well-known ‘vanishing gradient’ problem during GAN training. All other hyperparameters were chosen to be equivalent to the
CycleGAN study. All methods were employed with behavioural cloning as per the self-supervision procedure introduced in
this work. Additionally, as a benchmark, we include a “baseline” strategy in which the process parameters are held constant at
the nominal feed rate (0.75m/min) and depth of cut of 1 mm, applied to all materials.

Planar material case study

Each strategy was initially tested on a planar material, with the reference path calibrated at the material surface. For the
calibration procedure, the surface was modelled as a warped plane interpolated between 4 corner points obtained via guarded
move with a force threshold of 1N, with the exception of foam, where contact was confirmed visually. The performance of
each strategy for the planar case study is outlined in Figure 7a. To aid interpretation, the significance of the difference in
metrics was tested via one-way ANOVA. The normality and homoscedasticity assumptions of ANOVA were tested via the
Shapiro-Wilk and Levene methods respectively. A significance level of & = 0.05 was used for all tests. Metrics that did not
satisfy the assumptions were transformed via Box-Cox transform:

A .

-1 ifA#0

y x i #. (18)
log(x) otherwise

where A is chosen to maximise the log-likelihood of the transformed data under a normality assumption. In the case of
completion time and average force, the assuriptions of ANOVA were satisfied (Shapiro p = 0.361, p = 0.355; Levene
p = 0.0689, p = 0.0983, respectively). Average path deviation and MRV did not satisfy the normality assumption after
transformation, and in this case the Kruskal-Wallis test was adopted without transformation. For both task completion time and
average force, one-way ANOVA ievealed significant effects of strategy on performance (F = 61.1, p = 1.14 x 10727, F = 6.74,
p = 6.52 x 107 respectively) between strategy and these performance metrics.

To examine the effect of individual strategy on the performance metrics, the Tukey Honestly Significant Difference (HSD)
was used for ANOVA, and the Dunn post-hoc test for Kruskal-Wallis. No significant difference in task completion times was
found between style transfer and BC, whereas the former outperformed all other methods. Style transfer had the largest effect
relative to GAN (—1.00 s) and the smallest relative to the Expert (—0.329 s). For path deviation, style transfer significantly
differed from the Expert (—1.50 mm, p = 0.000196) and GAN (0.451 mm, p = 0.005074) strategies, however, results were
inconclusive for BC (p = 0.560) and CVAE (p = 0.109). Style transfer was further found to significantly outperform the
Expert and BC strategies in minimising average force (—1.273 N, p = 0.0001; —0.651 N, p = 0.0352), however, no significant
difference was found between style transfer and the CVAE and GAN strategies (p = 0.867, p = 0.611). The choice of strategy
was found to have no conclusive effect on MRV (Kruskal H = 2.87, p = 0.578). This result appears surprising in light of the
differing action selection apparent for each strategy, particularly in DoC.

To examine the effect of the adaptation methods on the agent actions, the actions taken during each trial were compared
with 50 simulated experiments (i.e. source domain) carried out with the source domain expert, and the similarity of action
trajectories evaluated by normalised dynamic time warping (DTW) distance. The strategies that adopt actions that are more
broadly similar to the source domain expert will score lower on this metric than those that deviate substantially from the expert
behaviour. The expert policy itself was included in this comparison since it is being applied to the farget domain. We report
effect sizes as Hedges’ g. Clear differences between the strategies were indicated (Kruskal H = 1930, p = 0.0), with style
transfer yielding large improvements relative to the Expert g = 0.875 and GAN g = 2.18, a moderate improvement for CVAE
g = 0.575 and a small reduction in performance relative to BC g = —0.370. Post-hoc testing indicated a high significance level
in these effects (p < 3.65 x 10~!7) for all comparisons.
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Figure 7. Boxplot summary of perforimance metrics for the style transfer trained policy and comparison methods, aggregated
over all materials. Metrics include task completion time, average path deviation, average load force, average (normalised)
dynamic time warping (DTW) distance between each strategy and the simulation expert policy (lower better), and material
removed volume (MRYV, higher better).

To examine the behaviour of each strategy in more detail and enable qualitative comparisons between each strategy, the
action trajectories adopted by each policy during an example trial on foam and mica are presented in Figure 8. From Figure 8a,
8d, 8¢, 8j, the action trajectories were broadly similar between BC and style transfer across both materials. Style transfer adopts
a more correct behaviour of reducing the feed rate prior to engagement with the material, as compared with BC. Conversely,
the GAN policy diverges substantially from the expert behaviour which corroborates the DTW metric results. All adapted
policies adopted a more consistent DoC throughout both trials than the unadapted expert policy. Differences between the policy
behaviour on each material were mainly evident in the DoC behaviour, transverse stiffness (K,) and, to a lesser extent, the
normal stiffness (K7).

Robustness to path planning offset
To examine the robustness of the method to path planning errors - for example, due to errors in calibration, surface position
estimation or noise, we further examine the performance of all strategies with a path planning offset of Imm, inset into the
ground truth material surface. The performance of each strategy was evaluated over 3 trials per strategy, per material.
Similarly to the planar case, strategy significantly impacted task completion times (ANOVA F = 17.0, p = 9.94 x 10~19);
style transfer again differed significantly from all strategies except BC (Tukey HSD p = 0.0694), and improvements over other
strategies being similar to the planar case study, albeit more consistent across strategies (effect size range —0.658-—0.850 s).
Whereas path deviation was also influenced by strategy (ANOVA F = 4.61, p = 0.00235), post-hoc testing indicated only
GAN differed significantly from the BC (p = 0.0047) and Expert (p = 0.0125) strategies. Although group means were more
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Figure 8. Comparison of agent actions for foam and mica for planar, DoC offset and curved case studies respectively. Actions
include the relative to nominal feed rate adjustment, with O corresponding to no change and 1 to double the nominal feed rate,
depth of cut (DoC), and controller stiffness in transverse, feed direction and normal directions respectively (K, x, K, y, K, ..
Units of K, are chosen consistent with (16)).



concentrated than in the planar case, path deviation was notably more consistent across trials for style transfer, CVAE, and
GAN, implying these strategies were better able to tolerate the path planning offset and maintain stable path tracking across
materials. MRV was again unaffected by strategy (Kruskal-Wallis H = 2.61, p = 0.624), and contrasting the planar case study,
no significant differences were observed in average tool load (ANOVA F = 1.06, p = 0.382). Similarly to the planar case study,
there was a clear separation between the strategies in terms of similarity to expert actions (Kruskal H = 688, p = 9.33 x 107148),
Post-hoc testing indicated style transfer was distinct from the comparison methods, with the least significant result being with
CVAE (p = 0.0314), small negative effects for BC g = —0.321 and CVAE g = —0.151 and positive effects relative to Expert
g = 0.682 and GAN g = 1.31 strategies.

Figure 8b, 8e, 8h, 8k shows the agent actions for the offset case study. All strategies exhibited a more sporadic DoC
behaviour than the planar case study, with style transfer exhibiting the most consistent DoC behaviour across both materials,
and matching more closely to the planar case study behaviour, supporting observations regarding the consistency of the
path deviation. All strategies exhibited a more aggressive variation in stiffness relative to the planar case study, indicating a
compensatory response to the offset cutting depth.

Non-planar surfaces

We further showcase the performance of each strategy when both material and surface geometry are altered to varying degrees
of curvature. Consistent with the planar case study, the reference path with respect to the surface was assumed already known;
however, we note that numerous path-planning methods have been proposed in the context of milling, including the case
where surface geometry is unknown>. For this case study, we assume the material is a thin plate under pure bending, with the
surface modelled as a section of a truncated oblique cone — in other words, an interpolation between two circular arcs. The arc
parameters for each endpoint were derived from a 3-point estimation obtained similarly to the planar case study. Curvatures
ranged between 2.36 m~! and 4.04 m~! across materials. Cardboard was excluded from the set of materials since the maximum
curvature generated during preliminary experiments did not meaningfully differ from the previous case studies.

As with the prior case studies, strategy had a significant effect on completion timie (Kruskal H = 38.5, p = 8.44 x 10~%) and
in post-hoc testing, style transfer outperformed all strategies except BC (p = 0.529). The effect of style transfer largely reflected
the planar case study, with —1.00 s relative to GAN, and —0.413 s relative to the Expert. Differences in path deviation were
inconclusive compared to the planar case study, (Kruskal H = 9.77, p = 0.0445) with the most significant result from post-hoc
testing arising between GAN and style transfer (p = 0.0589): however, differences in average force were more pronounced
(ANOVA F =17.71, p = 0.000025), with style transfer significantly outperforming GAN (—1.25 N, p = 0.0001) but not
the other strategies. Corroborating the previous case studies, MRV did not significantly differ between strategies (Kruskal
H =2.15, p =0.708). Furthermore, action similarity again revealed clear separation between strategies (Kruskal H = 1390,
p = 2.64 x 10739)_ with style transfer exhibiting the largest deviation from GAN (g = 2.14) and significant differences from
all others (BC g = —0.264, CVAE g = 0.503, Expert g = 0.487).

The agent actions, as shown in Figure 8c, 8f, 8i, 81, show similar behaviours to the offset case study, with differences in
DoC behaviour becoming more pronounced, particularly for the expert policy. CycleGAN adopted a highly sporadic action
profile in feed rate and stiffness, particularly for the foam trials. A hypothesis for this behaviour is that the curved material
presents a more challenging case for the agent and the much lower cutting forces limit information available to the agent to
make decisions. Therefore, the actions resemble those at the beginning of the planar trials in which the agent is in free space
and has no information about the contact state or tool engagement. Style transfer and BC both exhibited less consistent DoC
behaviour than the planar case studies on foam, however, produced smoother action trajectories that were strongly correlated to
the engagement state - for example, contact initiation was well-demarcated for both strategies.

Qualitative comparison
Figure 9 shows a representative example of the 3D TCP positions adopted by each strategy for a single cutting trial. The TCP
trajectories adopted exhibited clear defects for the expert and GAN trials, which were evident across both low and high stiffness
materials. On the low stiffness materials, such as in Figure 9a these were evident as low-frequency irregularities, resembling a
random walk, whereas for the high stiffness materials, this was exhibited as a higher frequency “wobble”, which were unrelated
to known phenomena such as chattering. These defects were suppressed or entirely absent during the BC, CVAE and style
transfer trials, with these methods yielding similar qualitative improvements across all materials.

To explore this in greater detail, we employ the smoothness measure proposed in*?, which has been employed in previous
work on sim-to-real transfer>* to evaluate quality of action trajectories:

2 n
— 2y (19)

where 7 is the number of frequency bands, f; is the action sampling frequency and M;, f; are the amplitude and frequency of
the ith band, respectively. Frequency bands were obtained by transforming the action trajectories to frequency domain using the

Sm
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Figure 9. 3D plot of TCP paths adopted by each strategy with respect to the material surface - qualitative defects are shown in
the “expert” and “GAN” strategies, which exhibit transverse path deviations on the stiffer materials.

discrete Fourier transform. High frequency oscillations in the action trajectories are undesirable when deploying to a physical
robot setup due to increased power consumption, wear and reduction in control performance’®. Correspondingly, higher values
of S, correspond to stronger high-frequency oscillations in the action trajectory - lower values of S, therefore imply smoother
action trajectories. Table 3 illustrates the smoothness measure for each action component as illustrated graphically in Figure
8. Across all three case studies, the style-transfer policy demonstrated consistently better action smoothness than the GAN
baseline and unadapted expert policy, but did not match the performance of the CVAE and GP-based adaptation methods.

Discussion

For the cutting task, the proposed method was evaluated based on task completion times, average path deviation, tool load
(average force), material removed volume, behavioural similarity to expert action trajectories in source domain, and qualitatively
by the action trajectories, ability to maintain consistent cutting conditions (e.g. depth of cut), as well as TCP trajectories.
Relative to the comparison methods — consisting of the unadapted source domain expert policy (Expert), our previous work
(BC), conditional variational autoencoder (CVAE) and CycleGAN (generative adversarial network) — the proposed method
based on style transfer consistently achieved significant reductions in task completion time across all case studies. Compared to
BC and CVAE, style transfer showed comparable performance but did not uniformly surpass them across all metrics.

The reduced influence of strategy in the offset path case study is consistent with the constraint imposed by insetting the path
into the material, which limits the ability of the agent to regulate the true DoC. It also implies a common limitation of these



Table 3. Comparison of action smoothness across strategies and case studies. Lower values indicate overall smoother and less
aggressive action profiles.

Case study  Strategy Feed rate DoC Stiffness (K)
Planar Expert 0.0110 1.02x107% 10.7
BC 0.00202  6.93x 1077 3.30
CVAE 0.00489  6.04x 1077 3.90
GAN 0.0128 8.96x 1077 122
Style-transfer  0.00240  8.19x 10~7  6.39
DoC offset  Expert 0.0160 1.96 x10°% 13.6
BC 0.00433  1.13x107% 496
CVAE 0.00568  7.46x 1077 428
GAN 0.0123 136 x107% 124
Style-transfer  0.00495  1.29x10°° 10.1
Curved Expert 0.0136 1.94x107° 959
BC 0.00180  1.08x 1076 249
CVAE 0.00374 9.71x 1077 284
GAN 0.0115 1.34x107% 9.78

Style-transfer 0.00181 1.15x107% 428

methods in modelling out-of-distribution task conditions, wherein offsetting the refereince path and nominal feed rate introduces
concept shift in the optimal actions across domains in addition to covariate shift in the observations. Although path deviation
was more consistent across style transfer, CVAE and GAN strategies than for BC and the expert policy, overall improvements
were primarily inconclusive. It is plausible that the inconclusive effects may be attributable to the reduced number of samples
for the offset case study.

Qualitatively, the style transfer trained policy demonstrated improved behavioural stability relative to the expert and
GAN-trained policies, with smoother action trajectories and more consistent control of depth-of-cut and stiffness, which was
robust to perturbations in surface geometry and cutting path. The irregular path deviations observed in the TCP trajectories were
attributable to the largely sporadic action trajectories of the expert policy, and, to a lesser extent, the GAN strategy. For the stiffer
materials, deviations in the path are caused by contact instabilities resulting from interaction between the policy stiffness and
the environment stiffness. These behaviours were largely absent with the BC, CVAE and style transfer strategies. Comparison
with style transfer by smoothness of action trajectories corroborates these observed qualitative improvements over GAN-based
adaptation, but did not consistently reach the smoothness achieved by BC or CVAE methods. Nevertheless, comparison of these
methods by average DTW distarnce from the expert actions in source domain indicated the expert policy behaviour was better
preserved during real-world experiments than with the CVAE method for the planar and curved material case studies. This
indicates that style-transfer provides a viable mechanism for sim-to-real domain adaptation without markedly degrading control
quality. We hypothesise that the poorer performance of CycleGAN-based domain adaptation arises from its limited capacity to
preserve task-relevant structure in the translated observations, which has been documented in related work>>. While CycleGAN
has been effective in visual domains where semantic content remains invariant under style changes—e.g. image-to-image
translation, its application to time-series control tasks may disrupt temporal dependencies or distort dynamics-critical features,
leading to degraded policy performance.

A further advantage of the proposed approach is that the real world data are not required during the process of training
the VAE feature extraction model, and are only included at generation time in (9). This contrasts the CVAE and CycleGAN
methods, which rely on these datasets to learn conditional mappings to the embedding space in the case of the former, and
sim-real translation networks in the case of the latter. Therefore, the proposed method could be employed with different real
world datasets (e.g. adaptation to different sensors and tools), incurring only the overhead of adapting the RL policy itself.
Complex re-training of the CVAE or GAN models - with associated challenges - is therefore avoided.

Conclusion

An example-based approach for sim-to-real transfer in robotic control was proposed based on the principle of neural style
transfer. Empirical results on a robotic cutting task demonstrate that the proposed method achieves comparable or superior
performance to our previous work, conditional variational autoencoders, and CycleGAN-based time series translation across
diverse materials and geometric scenarios, while substantially relaxing the assumptions of our previous example-based work.



The proposed method is sample-efficient, demonstrated with 148 off-policy real world trajectories versus 32000 for initial
policy training, and avoids the need for training domain discriminator, generator or corrective models, a crucial limitation of
previously proposed adaptation methods.

We note the limitation that this work does not explicitly address differing cross-domain target (action) distributions or
compatibility of generated trajectories with robot kinematic and dynamic constraints. We posit such constraints could be
formulated as part of the optimisation process wherein physical feasibility losses are jointly optimised with style and content
losses, and represents a possible extension of this work. Additionally, the quality of generated trajectories and pairings is
expected to deteriorate with low coverage of real-world examples, weak content-style match similarity, or parasitic matching
where a small subset of real trajectories dominate the pairing.
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