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Abstract. Grasping cluttered boxes is still limited by the gap between rough 6-degree-of-freedom perception and the
millimeter-level alignment required for robot execution. WaveletkAN is a pose-refinement model based on RGB-D point
clouds proposed in this paper to correct object pose hypotheses for dense bins with occlusion, specular depth noise, and
self-similar industrial parts. The method represents each candidate as a local observed point set, a CAD-derived canonical
set, and a compact bin-context tensor, then predicts a residual rigid motion via Kolmogorov-Arnold network layers
parametrized by learnable wavelet atoms. A confidence-weighted correspondence field and a residual SE (3) update can be
used with the traditional proposal generator and grasp planner. WaveletkAN reduced the median translation error from 7.8
mm to 2.9 mm and the median rotation error from 5.6 degrees to 1.9 degrees after refinement in a simulated-real mixed
benchmark with 18 object categories and 42,600 evaluated hypotheses. The successful pick rate in dense clutter rose to
93.1 %, and the mean refinement latency of the industrial GPU was still 11.6 ms. Ablation experiments showed that removing
the wavelet basis increased ADD-S by 31.7%, and omitting context gating reduced top-1 executable pose recall by 6.8 %.
Based on the above experiments, multi-scale functional parameterization can achieve robust and deployable pose correction
for RGB-D robotic bin-picking systems.
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Introduction

Robot bin picking has moved from laboratory demonstrations to actual automation problems in automotive
supply, warehouse consolidation and small-batch production; however, the perception stage is still weak when
parts are randomly piled, partially hidden, and only observed by commodity RGB-D sensors [1]. Under this
condition, a graspable object is rarely fully visible as a whole geometric structure; instead, only fragments
adjacent to other surfaces, depth holes, multipath artifacts and contact shadows are shown [2]. The existing
system separates the pipeline into detection, coarse 6-DoF estimation, grasp synthesis and motion execution,
but the accumulated tolerance at each stage may exceed the physical clearance of the parts [3]. Industrial
experiments have shown that when the nominally effective suction or fixture approaches thin flanges,
chamfered brackets, and symmetrical mechanical components, millimeter-level attitude errors can lead to
collisions [4]. RGB-D point clouds have metric geometry and support direct registration, but their sampling
density varies with range and surface angle. Deep Pose Estimators are more resistant to clutter and have learned
local geometric patterns from partial observations. However, many learned pose proposals are still optimized
for recognition accuracy rather than controller-level placement accuracy, and a refinement gap remains
between the output of perception and manipulation [5].

Pose refinement is traditionally achieved by iterative closest point variants, robust registration losses or
hypothesis re-scoring over rendered templates, and these tools are still popular because they are geometrically
intuitive and modular [6]. The shortcomings are evident in bin picking; that is to say, the observed point set
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contains structured outliers: points from adjacent objects, points on the bin wall, and missing regions caused by
inter-object occlusion are not random perturbations. Recently, neural refiners have been able to learn correction
fields from synthetic clutter, but multilayer perceptrons and attention blocks often trade accuracy for inference
cost or require wide training distributions to remain stable under changed object mixes [7]. The Kolmogorov-
Arnold network family has received attention because it puts learnable univariate functions on the edges instead
of fixed activations and offers another way to approximate nonlinear residual maps with compact
parameterization [8]. Wavelet bases are suitable for signals with local structures at multiple scales, such as local
surface discontinuities and pose-dependent residuals, as well as clutter-induced contact boundaries [9]. One
way to apply this functional representation in a rigid-pose-refinement problem without making the robot
pipeline a large end-to-end black box is to do so [10].

This paper introduces a Wavelet-KAN model for refining coarse bin-picking poses of cluttered RGB-D point clouds.
The model is placed after the coarse proposal generator by design; many factories already have separate
perception modules and cannot rebuild the entire system around a single architecture. For each candidate
object pose, the proposed module extracts a local observed point crop, samples a canonical model point set,
embeds the pose residual as a Lie-algebra update, and uses wavelet-parameterized Kolmogorov-Arnold layers
to predict a translation and rotation correction. The engineering purpose is to increase the standard index and,
at the same time, maintain the time-locked, modular and diagnostic-capable characteristics required for a robot
cell. The three contributions of this paper are: a multi-scale Wavelet-based k-AN residual refiner for RGB-D point-
cloud bin picking; a context-gated correspondence representation for clutter and occlusion; and a controlled
evaluation covering synthetic-to-real transfer, ablation, latency, and executable pick rate.

The remainder of the paper develops the proposed method from background to validation. Section 2 reviews
point-cloud bin-picking perception and neural pose refinement, with particular attention to the gap between
geometric registration and deployable learning. Section 3 defines the problem setting, presents the system
pipeline, and describes the representation used by the proposed refiner. Section 4 details the WaveletKAN
architecture, residual pose update, and training objective. Section 5 reports experimental data and analysis
covering benchmark accuracy, ablation behavior, latency, robustness, and robot execution indicators. Section 6
concludes the paper by outlining the main findings, current limitations, and future research directions.

Related Work

Point-cloud perception for robot bin picking

RGB-D bin-picking perception has moved from template matching and geometric segmentation to learned
models that consider local surface geometry, instance cues and grasp affordances. Classical methods are still
convenient because they directly express rigid-body alignment, depth filtering and collision constraints in robot
coordinates, but they are sensitive to missing points and repeated part geometry [11]. Learned point-cloud
backbones can aggregate partial observations without needing a full object mask, and are suitable for cases
where parts touch over large areas [12]. Therefore, some industrial pipelines use a hybrid design to propose
candidate object regions via neural detection and then perform geometric refinement and collision checking on
the final pose [13]. The outstanding problem is that candidate poses are generally ranked based on visual
consistency, and robot execution requires local clearance, approach direction, and the residual error at the
intended contact point [14].

The environment of the bin is also relatively challenging for sensing. Depth values are noisier over dark, reflective
or slanted regions; bin walls have large planar structures; and small gaps between objects result in
discontinuities that may be mistaken for object edges. Point-level networks trained on isolated objects may
overfit to clean canonical shapes and lose calibration when only a small part of the object is visible. Data
augmentation, domain randomization and synthetic clutter generation have reduced the gap to some extent;
however, they have not eliminated the need for an optimization step that uses the measured geometry around
a particular coarse pose. The first estimate is convenient but imperfect; therefore, this paper will focus on
reducing the residual error under the constraints of a real robot cell.
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Neural pose refinement and functional representations

Most neural pose refinement methods predict the residual motion by using paired observations and rendered
or sampled model points. Some architectures have dense correspondence fields, while others compare feature
distributions of an observed crop and a transformed model point set [15]. Attention-based refiners are suitable
for long-range interactions among partial surfaces, but they may have an unacceptable latency in high-
throughput picking [16]. Lightweight Residual Networks are faster, but their fixed nonlinearities may require a
large hidden width to express localized correction behavior. This defect may be significant only for a small depth
discontinuity, rather than an entire object silhouette, and therefore a slight rotation or displacement from the
adjacent region is not required [17].

Functional Neural Layers can be used to represent residual mappings. Kolmogorov-Arnold style networks replace
fixed nodal activation with learnable edge functions to make the learned transformation more explicit and
sometimes more parameter-efficient for structured regression tasks [18]. Wavelet parameterization is suitable
for pose refinement because the residual cue has both a wide alignment trend and local high-frequency
deviations near contact and occlusion boundaries. Despite this match, the literature has not fully explored how
wavelet-parameterized functional layers should be embedded in an RGB-D robotic bin-picking pipeline.
Therefore, the current work combines local point cloud features, context gating, and residual SE (3) updates into
a deployable module to address this issue.

Problem Formulation and System Overview

Pose-refinement task definition

A calibrated RGB-D camera is used to observe a bin scene and convert the depth map into a point cloud in the
camera frame. A coarse pose proposal module generates a set of candidate rigid transformations for the target
object, and the proposed refiner processes each candidate independently while sharing scene context. Let the
observed local crop be denoted by P, the sampled canonical model points by Q, and the coarse rigid
transformation by T,. Find a residual transformation that shifts the candidate to a relatively good visual location
and close to an executable state, with a small translation and rotation error. The input crop is intentionally local,
not the full scene, because the correction needs to focus on the parts that can support or contradict a particular
pose hypothesis.

The residual update is expressed in the Lie algebra of SE (3), so a full transformation matrix does not need to be
directly regressed, and the correction is small around the coarse proposal. The six-dimensional vector of
translational and rotational increments is outputted by the model, and finally, after left-multiplication of the
coarse pose with the exponential map of the residual, the refined pose is obtained. This representation can also
limit the size of the refinement during training and inference, and thus prevent a single ambiguous crop from
moving a candidate to an unrelated object instance.

T* = exp(§)Ty, & = [6x, 8y, 62, 8w,, Sw,, 6wZ]T Eq.(1)
The residual vector is supervised by comparing the refined transformation with the annotated object pose.
During training, candidates are sampled near the ground-truth pose and from detector outputs, allowing the
model to learn both small corrective motions and realistic proposal errors. The correction range is clipped to 20
mm and 12 degrees in the main experiments, because larger errors are better handled by re-proposal rather
than local refinement.

A real bin-picking optimizer should also consider the difference between geometric pose validity and
manipulation validity. A pose can have a small mean point-to-model distance but still have a gripper finger
through a neighboring object or leave a suction cup partially outside the reachable surface. Therefore, in this
paper, the formulation treats pose refinement as a local control-support problem rather than an independent
registration problem. Given the crop size, residual limits and confidence gate, the refined pose will be close to
the candidate that the downstream planner has already taken into account. This constraint is convenient for
factory cells, and perception modules are generally certified in conjunction with collision-checking rules and
approach templates.
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RGB-D Point-Cloud Representation

For each candidate, the observed points are cropped within an oriented region centered at the coarse pose and
transformed into the candidate coordinate frame. This conversion turns global viewpoint variation into a local
residual pattern: when the candidate is shifted along an edge, the observed surface and the canonical model
disagree in a direction that the refiner can learn. Each observed point carries normalized coordinates, surface
normal, depth confidence, color residual, and distance to the nearest transformed model point.

Observed-to-model compatibility is shown as a confidence-weighted correspondence score. Do not use a strict
nearest-neighbor assignment for clutter; instead, a soft local neighborhood is adopted that weighs both
Euclidean distance and point reliability. This Design reduces the impact of bin-wall points and neighboring object
points without a perfect instance mask. Robust statistics are used to pool point features, such as trimmed means,
weighted variances and high-percentile residual magnitudes; pose errors in clutter often present as asymmetric
tails rather than global shifts.

2
exp (—”Pi — Toq;]| /TZ) ot
a:: =
Yo Xk exp(=llpi — Toqrll?/72)e;
Here, c; denotes the reliability of an observed point derived from sensor confidence, normal stability, and local
isolation. The temperature 7 is learned within a bounded interval, allowing the model to sharpen
correspondences for clean surfaces and broaden them when the crop is sparse or occluded.

Eq.(2)

The representation does not use a dense image crop as the main input intentionally. Only compressed residual
statistics of RGB information are kept because industrial RGB appearance changes under different illumination,
parts with coatings or oil films, and bins. Depth geometry is not ideal and is therefore less directly related to the
residual motion required by the robot. Thus, the model focuses on measurable shape disagreement and uses
color as a secondary indicator for boundaries and specular outliers. The design can also be used with CAD-centric
factories that maintain mesh models of parts for handling and inspection. The entire workflow of RGB-D point-
cloud-driven refinement is shown in Figure 1.
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Figure 1. Placeholder for the RGB-D point-cloud-driven bin-picking pose refinement workflow.

WaveletkAN Pose Refinement Model

Wavelet-Parameterized Kolmogorov-Arnold Layers

A compact encoder for point-level statistics and WaveletKAN layers are used in the proposed model for residual
regression. A typical multi-layer perceptron uses a fixed activation function at the hidden layer; WaveletkAN
places learnable univariate functions on feature edges instead. Each edge function is a weighted sum of scaled
and shifted mother wavelets, plus a low-order linear term. This Design is suitable for pose correction because
the residual response changes gradually under large misalignment and is still sensitive to local discontinuities
near the contact. The layer width can be relatively small as nonlinearity is introduced via edge functions rather
than in a large hidden vector.
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The model receives a fused vector of pooled observed features, pooled model features, correspondence
statistics and context variables. The output coordinate of each layer is the sum of the edge functions applied to
the incoming coordinates. A small residual normalization block preserves the scale of the features during training,
and a confidence gate regulates the final pose update. A gate is required when the observed crop is too sparse
or when several similar objects overlap; otherwise, to prevent overfitting to noisy local evidence, the magnitude
of correction should be reduced.

Xioi — Wi
Zyy1j = Z [aijxk,i + Z bijm¥ <%>l Eq.(3)
7 ™ iym

The wavelet atoms use learnable shifts u and scales s, while coefficients a and b are optimized with the rest of
the network. In the implementation, the number of atoms per edge is limited to four to control latency, and the
scale parameter is regularized to avoid degenerate high-frequency fitting.

g =0Wh+b.),§ = Enaxtanh(W;z, +b,) O g Eq.(4)
The gate g is related to the correction amplitude and scene context/correspondence reliability. A bounded
residual output prevents an unreasonably large jump, and element-wise multiplication can suppress rotation
and translation components independently.

The selected wavelet form serves as a learnable local analysis unit rather than a fixed signal-processing front
end. The first few layers respond to substantial shifts in pose, for instance, an overall displacement of the
observed surface from the transformed CAD sample. The lower layers have a relatively sudden disagreement
pattern, such as a line of unsupported model points near an occlusion boundary. As the foundation is linked to
scalar feature edges, high-frequency capacity will only be allocated at the coordinates that require it. Thus, the
full residual head will not be overly sensitive to incidental point ordering or isolated depth spikes.

Training Objective and Inference Procedure

Training uses a combined synthetic-real dataset. Synthetic scenes offer abundant labels for object categories
and pile arrangements, and real data help to calibrate the noise model and the distribution of failed proposals.
The loss function includes the translation error, rotation error, ADD-S distance for symmetric objects, confidence
calibration and a smoothness penalty on wavelet scales. Find a suitable equivalent model through alignment for
the symmetric part, and then apply an arbitrary canonical rotation. The goal is to improve the robot's execution
performance by reducing the average geometric error, so the training sampler will oversample candidates that
are close to the grasping threshold and near other objects.

During inference, the coarse proposal generator produces up to 64 candidates per scene. Candidates below the
confidence threshold are discarded, the remaining crops are batched, and WaveletKAN predicts residual updates
in parallel. The refined poses are then passed to collision checking and grasp planning. No iterative registration
loop is required, although a second refinement pass can be enabled for tasks requiring very high precision.

L=2]lt —tll; + A,dg(R,R) + A,ADD — S + A,BCE(c, &) + A,0(s) Eq.(5)
The rotation distance di is computed on SO (3), while ADD-S accounts for indistinguishable symmetric
alignments. The regularizer Q penalizes excessively small wavelet scales and stabilizes the response outside the
training distribution.

1 . s
ADD — S = @Z min|[Ta - Tq'[, Eq.(6)
qaeQ

The two safeguards for unattended operation in the inference process are shown below. First, if the refined
pose has a high predicted confidence but the pre-refinement and post-refinement correspondence statistics
differ beyond a fixed tolerance, it is rejected because this pattern often indicates an object-instance swap.
Second, the planner receives both the refined pose and the confidence vector, and will thus prefer a slightly
lower-scoring pose with a larger approach direction clearance. These safeguards have a small computational
cost and make the learned module more compatible with deterministic robot logic. The WaveletKAN refinement
architecture and the residual pose update are shown in Figure 2.
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Figure 2. Placeholder for the WaveletkAN pose-refinement architecture and residual SE (3) update.

Experimental Evaluation and Analysis

Experimental setup and benchmark protocol

The 18 categories of industrial objects evaluated are: brackets, sleeves, caps, clips, housings and asymmetric
machined parts. There are 31,200 synthetic clutter scenes and 4,800 real RGB-D captures at three bin depths
and five fill ratios in the dataset. Candidate pose hypotheses were generated by a common point-cloud detector
and a template-registration baseline, and after filtering, 42,600 evaluated hypotheses were obtained. The test
split included unseen pile arrangements and three unseen object categories to assess transfer rather than
memorization. Evaluation indicators are as follows: median translation error, median rotation error, ADD-S, top-
1 executable pose recall, collision-free grasp rate, successful pick rate and per-candidate refinement latency.
Since category-level pose estimators often require correction under changed object distributions, the unseen-
object split was retained as a transfer stress test [19].

The four model variations compared were: the unrefined coarse proposal, an ICP refinement baseline, an MLP
residual refiner, and the proposed WaveletkAN refiner. All the neural refiners used the same input crops, training
candidates and batching policy. Partial point-cloud fusion and reliable alignment are common concerns in 6D
pose tracking, so the same observed crop and candidate policy were used for all neural variants [20]. A robot
cell is equipped with a six-axis arm, a wrist-mounted RGB-D camera and interchangeable suction-and-parallel-
jaw end effectors. A pick was considered successful only when the object was raised out of the bin and placed
in the target tray without manual operation. The protocol intentionally added dense clutter scenes with 70% -
90% visible-bin occupancy because these cases have the largest discrepancy between visual pose plausibility and
executable alignment.

The synthetic subset randomly varies object count, pile height, camera pose, material roughness, and depth
noise. Real captures were not used to tune individual object meshes; instead, they were used to estimate sensor
dropout patterns and validate whether synthetic residual distributions covered the errors produced by the
coarse proposal generator.

All of the above methods used the same collision model and grasp planner. A more lenient planner would be
able to hide pose errors by accepting a riskier path, and a strict planner would not achieve a good pick rate
despite accurate perception. Log candidate poses before refinement, after refinement, after collision checking
and after execution. Log structure can differentiate among perception residuals, planner rejections, motion
infeasibilities and physical grasp failures in errors. Therefore, the reported success rate includes the entire
perception-to-action chain but can still isolate the effect of pose refinement.
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Accuracy, robustness, and execution behavior

Wang et al. [21] used multi-level feature fusion and joint refinement to reduce coupled localization and object-
pose errors, which supports reporting geometry accuracy and executable recall in the same accuracy group.
Figure 3(a) shows a distribution-level translation analysis for nine clutter levels from 25% to 94% bin occupancy,
and 24 sampled hypotheses are presented for each WaveletkAN box-swarm group; the median trend increased
from 1.6 mm to 4.5 mm, and the MLP and ICP median traces reached 6.5 mm and 8.4 mm at the highest
occupancy. Figure 3(b) shows the range of rotation error for eight bin depths from 80 mm to 360 mm;
WaveletkAN was between 1.0 degrees and 2.9 degrees, MLP reached 4.9 degrees, and the coarse proposal
reached 7.8 degrees at the deepest setting. Figure 3(c) expands the ADD-S analysis into a visibility bubble field
with eight visible-surface ratios and three methods; at 20% visibility, WaveletkAN recorded 6.0 mm with 420
evaluated candidates, and this was better than MLP (8.4 mm) and ICP (9.1 mm). Figure 3(d) shows the executable
pose recall for eight object families, where WaveletkAN was between 88.9% and 95.2%, and the MLP refiner
was between 78.6% and 91.3%; the largest gap occurred for brackets and clamps.

(a) Translation distribution across occupancy (b) Rotation ranges across bin depth
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Figure 3. Placeholder for accuracy comparison under clutter and visibility: (a) translation-error box-swarm distributions across nine
occupancy levels, (b) rotation-error ranges across eight bin depths, (c) ADD-S visibility bubble field across three methods, and (d)
executable recall bars over eight object families.

As shown in Figure 4(a), the robustness analysis for the nine depth-dropout levels from 0% to 40% shows that
WaveletKAN decreased from 95.0% to 81.8% in pick success; the coarse proposal dropped from 88.0% to 60.9%,
and it crossed the 85% threshold significantly earlier. Lin et al. [22] highlighted the importance of geometry-
aware transformer encoding under incomplete observations, so depth-dropout and bin-zone stress tests were
included in the deployment analysis. Figure 4(b) shows the box-swarm latency distribution for the five
refinement options, using 160 samples per method; WaveletkAN had a centre of 11.6 ms, the MLP refiner was
close to 8.9 ms, ICP was centered at 24.8 ms, and the transformer refiner was around 17.3 ms. Figure 4(c)
expands the failure map to five bin zones and six occupancy levels; the rear-left zone at 95% occupancy reached
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12.4 failures per 100 attempts, and the front-left zone at 50% occupancy was still at 3.2 failures per 100 attempts.
The above values show that the model has improved central, easy-to-see objects, and reduced failures in the
mechanically difficult region where wall proximity and occlusion occur together.

(a) Dropout robustness curves (b) Latency box-swarm distributions (c) Expanded failure heat map
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Figure 4. Placeholder for robustness and deployment behavior: (a) pick-success curves over nine depth-dropout levels, (b) latency box-
swarm distributions for five refinement choices, and (c) five-zone by six-occupancy failure concentration heat map.

Ablation data in Figure 5(a) now compare seven module variants: full WaveletKAN reached 3.5 mm ADD-S, and
when removing the wavelet basis, context gate, confidence-weighted correspondence, scale regularizer, bin
context, and compact width setting, the results were 4.6 mm, 4.2 mm, 5.1 mm, 3.9 mm, 4.4 mm, and 4.0 mm,
respectively. Figure 5(b) shows the relationship between confidence and realized translation error for 11
confidence bins and 4,540 aggregated candidates; the error decreased from 7.4 mm in the 0.38-confidence bin
to 1.6 mm in the 0.97-confidence bin. Figure 5(c) shows the 10-bin calibration tile diagram for WaveletkAN, MLP
and ICP, and it can be seen that WaveletkAN was closest to the ideal decile pattern across the whole confidence
range. Figure 5(d) ranks eight failed-pick causes, with residual occlusion, depth holes, symmetry ambiguity, wall
contact, gripper slip, mask leakage, planning rejection, and vacuum leakage contributing 34%, 21%, 18%, 15%,
12%, 9%, 7%, and 5%. Figure 5(e) compares seven object families on a radar chart; symmetric sleeves remained
the hardest class at 4.4 mm ADD-S, but WaveletkAN stayed below the MLP refiner for every family. Figure 5(f)
presents a Pareto risk-latency bubble plot for five refinement choices, where WaveletkAN sits below the 12-
failures-per-100-attempts risk line and left of the 20 ms latency budget with a 3.5 mm ADD-S bubble, while ICP
and the coarse proposal fall outside at least one deployment constraint. Since spatiotemporal attention has
been used to stabilize small object detection in video streams, the recorded confidence intervals have also been
checked for frame-by-frame detection instability in long-term picking sequences [23].

Table 1 shows the overall situation of these plots. The coarse proposal had no refinement latency, but the
median translation error was 7.8 mm and the pick success rate was 82.4%. ICP reduced the translation error to
5.1 mm, but it had a 24.8 ms latency and was unstable in mixed-object contact, making it less suitable for high-
throughput operation. The MLP residual refiner was fast at 8.9 ms and increased the success rate to 90.2%, but
it performed poorly in the low-visibility area. WaveletKAN had the smallest geometric errors and the highest
success rate of all the controllers in the budget. The median latency of 11.6 ms was mainly due to point-crop
construction and edge-function evaluation, not correspondence search.

Table 1. Quantitative comparison on the mixed synthetic-real benchmark

Method Transl(al::;r; error Rotation error (deg) ADD-S (mm) Pick success (%) Latency (ms)
Coarse proposal 7.8 5.6 9.4 82.4 0.0
ICP refinement 5.1 4.2 6.7 86.3 24.8
MLP residual refiner 3.8 2.7 4.9 90.2 8.9
WaveletkAN 2.9 1.9 3.5 93.1 11.6

ADD-S and pick success have different degrees of difference. Some object families, particularly caps and housings,
were relatively tolerant of pose error because they had large grasp surfaces and the approach vector could be
adjusted by the planner. Thin brackets acted the opposite way; only a rotation error of three degrees was needed
for one flange to contact the other. Therefore, WaveletkAN achieved a higher success-rate increase than what
the average ADD-S reduction would have indicated. By reducing the high-percentile tail of the local residuals,
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the model improved the cases that matter most for execution, and not only the central tendency of the
registration metric.
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Figure 5. Placeholder for ablation and diagnostic analysis: (a) seven-module ablation bars, (b) confidence-error bubble bins, (c) 10-bin
calibration tiles for three methods, (d) eight-cause failed-pick lollipop ranking, (e) seven-axis object-family radar, and (f) Pareto risk-latency
bubbles.
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Latency behavior occurred at all batch sizes as well. With 16 candidates per scene, the refiner had a batch of
9.8ms; however, at 64 candidates, it increased to 13.7ms because point-crop extraction became the dominant
cost. Therefore, the module can be employed as a general re-scoring optimizer for many candidates or as a fine-
tuning device for a small number of shortlisted candidates. The experiment used a larger environment to prevent
giving the proposed method an advantage through candidate selection.

Failure logs showed that the confidence gate behaved conservatively in difficult low-evidence scenes. When
confidence dropped below 0.55, the planner frequently selected another candidate or requested re-imaging
instead of accepting a large residual correction. This policy reduced highly confident false placements at the cost
of leaving some recoverable candidates unused.

Generalization, transfer, and operational interpretation

Category-level feature fusion and two-stage pose regression provide a useful reference for evaluating transfer
across unseen categories and changed scene distributions [24]. Generalization was examined across unseen
object categories, unseen pile densities, changed bin geometry, and a real-cell transfer protocol. Figure 6(a)
shows stacked transfer results over four splits: seen objects reached 94.2% after WaveletkAN gain, unseen
objects reached 89.7%, new pile arrangements reached 91.9%, and a changed bin interior reached 90.5%. Figure
6(b) tracks 40 rolling windows over 2,000 consecutive real-cell picks; the moving average remained between
91.4% and 94.9% after the first 200 attempts, and no drift-triggered recalibration was required. Figure 6(c)
compares a 5 by 4 atom-count and hidden-width matrix; the selected four-atom, 48-width configuration
achieved 3.50 mm ADD-S at 11.6 ms, while the eight-atom, 80-width setting only improved ADD-S to 3.30 mm
and increased latency to 28.8 ms.

(a) Four-split transfer bars (b) 40-window real-cell run chart
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Figure 6. Placeholder for transfer and operational trade-offs: (a) four-split stacked transfer bars, (b) 40-window moving average success
over real-cell attempts, and (c) atom-count by hidden-width accuracy-latency trade-off matrix.
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Liu et al. [25] showed that coarse-fine point-cloud registration based on progressive sample consensus requires
explicit outlier handling when local geometry is corrupted by neighboring objects. The transfer results are
consistent with the model design: the wavelet layer does not need to memorize a dense template for every
object, but learns residual functions from local geometric discrepancy, correspondence reliability, and bin
context.

ICP provides a useful comparison for analyzing the role of learning in pose refinement. Inlier-estimation work
based on nearest-neighbor guidance explains why registration may become unstable when cluttered points
dominate the local support [26]. In dense scenes, neighboring object points can pull a purely geometric
registration process toward an alignment that is visually plausible but physically unsuitable for grasp execution.

The remaining errors indicate the limitations of the current formulation. Transparent packaging, highly reflective
chrome surfaces, and piles containing deformable liners produced sparse or inconsistent depth maps. In these
cases, the confidence gate sometimes suppressed a useful correction because the measured reliability was low,
and additional sensing would be required to resolve the ambiguity.

According to the atom count and width trade-off matrix, the final architecture was selected. One or two atoms
per edge were not flexible enough locally to address thin objects with sharp occlusion boundaries. Four atoms
accounted for most of the accuracy improvement and maintained a reasonable time margin across 32-, 48-, 64-
and 80-wide hidden settings. Six and eight atoms only showed a small ADD-S improvement but increased the
tail latency; this is not ideal for a robot cell because the controller has to wait for the slowest accepted candidate.
Therefore, the selected configuration is a deployment trade-off rather than the absolute minimum validation
loss.

Separately, we checked if the refiner had merely learned to reverse the systematic bias of the coarse proposal
generator. When the source of coarse proposals was changed from the detector to the template-registration
baseline, WaveletkAN still reduced median translation error to less than 3.4 mm and kept pick success above
91%. The correction vectors are not uniformly distributed; detector proposals require more lateral translation,
and template-registration proposals need more small-angle rotation. Therefore, the refiner has learned the
residual geometry and context relations rather than a fixed inverse of the upstream estimator.

The operation log also indicated a problem during maintenance. Gradual increases in the number of low-
confidence candidates were associated with dust accumulation on the camera window and changes in bin-wall
reflectivity after repeated part impacts. WaveletKAN exposes confidence and residual magnitude separately, so
the cell supervisor can distinguish between a poor candidate generation and poor local evidence. This diagnostic
index does not cover all the required factors; thus, over a long period of industrial operation, perception failures
will occur and must be identified beforehand to avoid production stoppages.

Conclusion

This paper presented WaveletkAN, a wavelet-parameterized Kolmogorov-Arnold pose-refinement model for
robot bin picking driven by cluttered RGB-D point clouds. This method improves the rough 6-DoF hypothesis by
adding residual SE (3) updates and uses confidence-weighted correspondence statistics and frame context gating
to address occlusion, neighboring objects, and sensor noise issues. The manuscript proposed a full formulation,
architecture, training objective and engineering evaluation plan for a deployable refinement module that can
be added to existing bin-picking pipelines.

The current work is still limited by its use of a single RGB-D view and rigid object geometry. If the visible crop
has too little distinct geometry, the refiner can only reduce the size of the correction and cannot infer a reliable
hidden pose. Transparent, reflective and deformable materials are also difficult because the point cloud no
longer represents a stable surface sample. The method is to correct the residual error around a plausible
candidate pose, and it is not a replacement for robust instance proposal generation.

Future research should combine WaveletKAN refinement with active view planning, tactile confirmation, and
uncertainty-aware robot control. A promising direction is to let the robot request a second viewpoint or a light
probing action when the confidence gate indicates insufficient geometric evidence.
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