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Fig. 1: Our method (TAX-DPD) uses disentangled point diffusion to predict precise goal configurations for a millimeter-

precision industrial insertion task. Blue denotes the scene point cloud,

denotes the manipulated object point cloud,

and red denotes the diffused goal point cloud, where we jointly diffuse the object placement frame and geometry.

Abstract— Recent advances in robotic manipulation have
highlighted the effectiveness of learning from demonstration.
However, while end-to-end policies excel in expressivity and
flexibility, they struggle both in generalizing to novel object
geometries and in attaining a high degree of precision. An
alternative, object-centric approach frames the task as pre-
dicting the placement pose of the target object, providing a
modular decomposition of the problem. Building on this goal-
prediction paradigm, we propose TAX-DPD, a hierarchical,
disentangled point diffusion framework that achieves state-
of-the-art performance in placement precision, multi-modal
coverage, and generalization to variations in object geometries
and scene configurations. We model global scene-level place-
ments through a novel feed-forward Dense Gaussian Mixture
Model (GMM) that yields a spatially dense prior over global
placements; we then model the local object-level configuration
through a novel disentangled point cloud diffusion module
that separately diffuses the object geometry and the placement
frame, enabling precise local geometric reasoning. Interestingly,
we demonstrate that our point cloud diffusion achieves substan-
tially higher accuracy than a prior approach based on SE(3)-
diffusion, even in the context of rigid object placement. We
validate our approach across a suite of challenging tasks in
simulation and in the real-world on high-precision industrial
insertion tasks. Furthermore, we present results on a cloth-
hanging task in simulation, indicating that our framework can
further relax assumptions on object rigidity. Visualizations and
supplementary materials can be found on our project website:
https://3dgp-icra2026.github.io/.
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[. INTRODUCTION

Learning from demonstration has emerged as a popular
paradigm for robotic manipulation [1], [2], [3], [4], [5],
[6], [7], [8], [9], [10]. While direct end-to-end visuomotor
policy learning methods have produced impressive results
across a diverse range of complex manipulation tasks, (e.g.
shoelace tying [2], sauce pouring [7], laundry folding [11]),
they have yet to display robust generalization to variations in
object geometry, nor have they shown the precision required
for low-tolerance tasks, such as industrial manufacturing or
inserting a key into a lock.

An alternative line of work is to modularly decompose
the problem into where and how—first predicting a goal
configuration (where to place an object) and then executing
it with a low-level policy or motion planner (how to place
the object at that location). Such a decomposition enables
the system to reason more explicitly about object-centric
geometry as a form of goal prediction [12], [13], [14],
[15], [16], [17], [18], [19], [20], [21], [22]. Recent methods
further leveraged generative approaches to capture multi-
modal placement distributions [15], [16], [17], [18], [22],
providing multiple feasible solutions for tasks where diverse
goal configurations are possible. Although these works show
a high degree of sample efficiency and some degree of
generalization to novel object geometries, they still do not
achieve the precision required for very low-tolerance tasks.

We posit that this limitation arises from the dominant
reliance on SE(3)-based representations for goal prediction.
Although an SE(3) pose is sufficient to represent the config-
uration of a single object, it is difficult to define a consistent
SE(3) pose representation across a range of objects with
varying geometries. An alternative approach is to predict
the goal configuration via point cloud generation [14], [12],
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i.e. predicting the point cloud of the target object in the
goal configuration. Point cloud generation avoids the need
to define a consistent reference frame across a range of
objects with varying geometries. From the generated point
cloud, one can derive the SE(3) transformation to perform
the precise placement. We show that point cloud generation
leads to significantly more accurate object placement, even
when placing a rigid object, when generalizing across a class
of objects of varying geometry.

However, we found that previous approaches to point
cloud diffusion struggle to produce high-fidelity configura-
tions when modeling multi-modal placements across large
scenes. Our second insight is that explicitly decoupling point
cloud diffusion into distinct problems of multi-modal cover-
age, shape prediction, and frame prediction can overcome
these challenges. To materialize these insights, we propose
TAX-DPD (TAsk-specific Cross-Geometry reasoning with
Disentangled Point Diffusion), a hierarchical framework that
operates in two stages: 1) global placement initializa-
tion, where a neural network is trained to predict a Dense
Gaussian Mixture Model (GMM) to capture the multi-modal
distribution of potential object placement positions across the
scene, ensuring coverage over placement locations; and 2)
local configuration refinement, where a novel disentangled
point diffusion process predicts the object placement config-
uration, by separately denoising the object-centric geometry
and object frame in the initialized placement frame. For
rigid objects, we further recover the final SE(3) pose using
a standard RANSAC-SVD alignment procedure. Concretely,
our contributions are as follows:

1) A novel global placement initialization method using
a deep network to predict a Dense GMM to model
multi-modal placement distributions at the scene-level.

2) A novel local configuration refinement method using a
disentangled point diffusion objective for the separate
denoising of object geometry and placement frame,
allowing for precise placement predictions.

3) A broad suite of evaluations on simulation (mug-
hanging, book-shelving, etc.) and real-world indus-
trial insertion tasks, in which TAX-DPD achieves
millimeter-level precision while also maintaining broad
coverage for multi-modal tasks.

II. RELATED WORK
A. Point Cloud Generation.

Recent advancements in generative modeling have signif-
icantly enhanced the synthesis of 3D point clouds. Meth-
ods based on unconditional generative models including
VAE:s [23], [24], GANs [25], [26], [27], and Diffusion Mod-
els [28], [29], [30], [31], [32] have demonstrated the ability
to produce diverse and high-fidelity 3D shapes. Building
upon these foundations, recent works explored conditioning
point clouds generation on auxiliary information such as
images [33], textual descriptions [34], [35], partial point
clouds [36], or a diverse set of inputs [37], [38], allowing
for more controlled and context-aware synthesis. The success

of these models stems from their ability to learn a rich,
continuous latent representation of 3D shapes. This capacity
for learning the underlying manifold of 3D data endows
them with strong generalization capabilities, enabling them
to synthesize novel object instances that structurally adhere
to learned geometric priors. While prior works generate
3D shapes for data synthesis, TAX-DPD generates task-
specific point clouds conditioned on a scene to infer relative
transformations for object manipulation.

B. Relative Placement Tasks.

Many placement tasks can be decomposed into predict-
ing the geometric relationship between a pair of objects.
Some prior work [20], [21], [13], [19] explicitly model this
relationship by learning either category-level descriptors or
dense object correspondences, from which a task-specific
SE(3) transformation between objects (i.e. a goal pose) can
be predicted and executed on a robot. To better accommodate
multi-modal placements, some prior work [18], [15], [22],
[16] adopt generative methods to learn placement distri-
butions defined directly in the SE(3) space, from which a
goal pose can be sampled. Similar to TAX-DPD, another
line of works leverages point cloud generation and denoises
goal states through dense point flow [14] or point cloud
diffusion [12]. In contrast, we propose a hierarchical point
cloud generation framework with a novel disentangled diffu-
sion objective over object geometry and placement frames,
enabling robust handling of high-precision and multi-modal
relative placement tasks and strong generalization to novel
object geometries and scene configurations.

III. PROBLEM STATEMENT
A. Goal Prediction for Object Placement.

In this paper, we focus on general object placement tasks,
in which an object O must be manipulated into a precise
configuration within a larger scene S (e.g. hanging a mug
on one of multiple racks - see Fig. 3). To solve this task,
we predict the goal configuration of object O as a dense
point cloud, i.e. the location that every point in object O
must move to successfully complete the task. More formally,
given point clouds Pp € RY0*3 for the segmented object O
and Ps € RVs*3 for the scene S, we aim to predict a goal
point cloud Pg € RNo*3 such that (P}, Ps) represents a
valid placement of O. Since there are often multiple feasible
placements for object O, we aim to learn a distribution
over goal point clouds that we can sample from, i.e. If’gg ~
f(Po, Ps). We then move object O to the goal configuration
given by ]55 using motion planning or potentially a learned
policy (see Appendix I on the project website for details).

This formulation stands in contrast to many existing
methods for object-centric placement, which represent goals
explicitly as SE(3) transformations under a rigid object
assumption. Our experiments indicate that, by predicting
point cloud configurations instead of SE(3) poses, TAX-
DPD demonstrates greater precision when the task requires
generalization across variations in object geometry, for which
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Fig. 2: Method Overview. (Left) Our Global Placement Initialization samples a rough global position using a novel dense
GMM-based prediction module, a framework that models highly multi-modal placement distributions at the scene-level.
(Right) Our Local Configuration Refinement then proceeds with a novel disentangled shape and reference frame diffusion

that simultaneously allow precise and dense goal predictions.

a unified pose reference frame can be difficult to define. Fur-
thermore, we show that this point cloud—based formulation
can be naturally relaxed to the setting of placing non-rigid
objects.

B. Assumptions.

Similar to prior works on relative placement [20], [21],
[13], [19], we assume the object O that is being manip-
ulated is segmented from the rest of the scene S. During
training, we assume access to a set of N demonstrations
{(PSY, PS, P*00)IN_ | which indicate the initial object
point cloud PY”, the initial scene point cloud P, and
the point cloud of the object in a goal configuration P*g).
We further assume knowledge of the ground-truth correspon-
dences between the initial object point cloud P((Q") and the
goal point cloud Pé("), which (for rigid objects) can be
obtained from the demonstrations using the robot kinematics.

IV. METHOD

To sample a goal configuration 13(’5 ~ f(Po, Ps),
our approach builds on Denoising Diffusion Probabilis-
tic Models (DDPM) [39], [40], in which data samples
xo are perturbed under a Markovian noising process
q(ze|lri—1) = N(w¢|v/1T— Bexs—1,8:1) and a network is
trained to learn the reverse transitions pg(zi—1|z:) =
N (xi—1|pg(z¢,t),021). While Denoising Diffusion Prob-
abilistic Models (DDPMs) have demonstrated a powerful
capacity to learn rich geometric distributions in the point
cloud generation domain [28], [34], [38], [30], [31], we find
that prior works integrating them for goal-prediction in object
manipulation [12], [14], [41] struggle with obtaining high
precision. To leverage the powerful capacity of point cloud
diffusion for the distinct challenge of simultaneously achiev-
ing high precision, multi-modal coverage, and robustness to
unseen object geometries, we propose the following two key
methodological contributions (1 and 2), complemented by a
rigid alignment procedure (3):

1) Global placement initialization (Fig. 2, left): We sam-
ple an approximate placement frame § € R? (i.e. the
centroid of the object in the goal pose) from a dense
Gaussian Mixture Model (GMM) that is predicted per
scene by a network § ~ faobai(Po, Ps).

2) Local placement refinement (Fig. 2, right): We perform
a disentangled point cloud diffusion in the reference
frame g. We decompose the prediction of the goal
9Pk in the local placement frame § into a mean-
centered shape ¢ and an object frame p prediction, with
Ips = ¢+ pand P = 9P} + j (detailed definitions
in Sec. IV-B). Following standard DDPM practice,
we gradually denoise these variables via an iterative
process: fica (7P, IPs, 1P5,1,t) = (di-1, pr-1),
where ¢t is the diffusion timestep.

3) Rigid transformation estimation for rigid objects: We
recover an SE(3) alignment between the input object
point cloud and the predicted goal configuration using
a RANSAC-SVD procedure. We direct the readers to
Appendix III-E for implementation details.

A. Global Placement Initialization

Point cloud diffusion models typically focus on generating
a single-object in isolation [28], [38], [34]. The object is
often normalized to a fixed size [—1,1]® to match the
diffusion prior that noises the point cloud towards A(0, I).
In the object placement setting, however, two scales must be
considered: the size of the manipulated object and the size of
the surrounding scene, which can be arbitrarily large relative
to the object itself. Our intuition, supported by empirical
results, suggests that this scale discrepancy introduces a
fundamental conflict: normalizing by the object scale hin-
ders the model’s ability to capture multi-modal placement
distributions across the full scene, whereas normalizing by
the scene scale reduces the model’s capacity to recover the
object’s precise goal pose.

To mitigate this issue, we propose a two-stage method:
we first predict a local coordinate system (represented by
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the approximate placement frame §), and then we predict
the object pose in the reference frame of §. Concretely, we
consider the centroid of the object in any goal configuration
w= ?2 to be a valid placement frame, and we aim in the
first stage to learn a distribution fgobal(Po, Ps) over such
placement frames.

To model such a distribution, we learn a feedforward
network faonal (see Fig. 2, left) to output a spatially-grounded
Dense Gaussian Mixture Model (GMM), in which we predict
one Gaussian for each point in the scene S. In particular,
given the object and scene point clouds (Pp, Ps) as input,
we predict for each scene point p; € Ps a mixing weight
w; € R and a residual vector ; € R3, where p; + r; is
the mean of the Gaussian corresponding to point p;. At
inference, we simply sample § ~ fgobai(Po, Ps) from a
categorical distribution over the Gaussian means {p; +7;} 5
parameterized by the mixing weights {wL}Z 1> similar to
standard GMMs. To train fgopa, We use a negative log-
likelihood loss computed using the learned mixing weights:

Ns

Eglnbal(ﬂ) = —log sz exp (fﬁ“pz +r; — NHQ) (1)
i=1

where © = ?2) is a ground-truth placement frame. In

principle, the variances can also be learned, although we
found this detrimental to training stability and unnecessary
for approximate placement initialization.

B. Local Configuration Refinement

Disentangled point diffusion. Our global placement initial-
ization (Sec. IV-A) predicts a single point g which approxi-
mates the centroid of the object in the goal configuration Pp.
This prediction is largely adequate to resolve the placement
multi-modality induced by the geometry of a scene S (e.g.,
selecting one of multiple mug-racks, or one of multiple pegs
on a mug-rack), but cannot capture the precise geometric
relationships needed to solve precise manipulation tasks (e.g.
the object’s exact position and orientation).

In order to estimate the precise object pose in the goal
configuration, we need to estimate two things: (i) exactly
where the object will be placed, i.e. translation, and (ii) the
configuration of the object in the placement pose, i.e. rotation
for a rigid object, or shape deformation for a deformable
object (as we demonstrate in Appendix I on the project
website).

Therefore, we propose Disentangled Point Diffusion that
disentangles the objective of predicting goal object config-
uration in point space into diffusing the object frame (i.e.
translation) and diffusing the object shape in the goal config-
uration (i.e. rotation or object deformations). We express the
ground-truth goal configuration as a sum of a mean-centered
shape ¢o and a frame pg:

¢o = IP, — TPy e RNX3, py:=9P, e R® (2)

where 9P is the ground -truth goal configuration of object
O in frame §, and 9 P@ is the centroid of the object in the
ground-truth goal configuration in frame ¢ (i.e. the mean

across the Np object points). These terms are defined so
that the ground-truth goal configuration can be computed as
9P} = ¢o+po, where pg € R is broadcast to all No points
during the addition. During diffusion noising and denoising,
we similarly decompose the goal configuration: 9 P(9 ;= ¢t+
pt, again broadcasting p; across object points.

We model two decoupled forward corruption processes
with a shared noise schedule:

=Va;po + V1 —ayeg,
pt =+Vagpo + V1 —agep,

Both Eqns 3 and 4 apply per-point isotropic Gaussian
noising following prior work [28], [38] under the same
schedule {a;};. The reverse process is estimated by a
dual-head denoiser operating in the local frame g, i.e.
frocat (9 Po, 9 Ps, 915(*%, t) — (ét,l, pi—1), where the in-
puts are the object and scene point clouds and the current
estimate at denoising step ¢ of the object in the goal config-
uration in frame §: 9 Po + ¢t + p¢. The network directly
predicts the next-step disentangled estimates (ét 1, Pt—1),
which are composed to yield the updated goal configuration
Po 1 = gbt 1+ pt—1. Next we describe the inputs to the
network that represents fioca, sShown in Fig. 2 (right).
Reconstruction embedding. Rather than encoding the de-
noised object and the scene separately (similar to [12], [15],
[16]), we input to the diffusion model the reconstructed
placement point cloud, consisting of the scene 9 Ps combined
with the current denoised object in the predicted goal con-
figuration 9P, ,. This combined point cloud (YPs.? P} ,)
is processed by a single point cloud encoder to obtain per-
point reconstruction embeddings {f;} NS, allowing the
network to more precisely model the geometric relationship
between the object and the scene. We also separately com-
pute per-point object embeddings {oj} , by encoding the
initial, mean-centered object point cloud OPO Po — Pp.
These object embedding tokens are used to predict the goal
shape ¢, which is also mean-centered.
Deformation embedding. To reason more granularly about
how object O must transform, fiocy contains an additional
deformation encoder that takes as input the per-point dis-
placements g?)t — O Py between the current denoised and ini-
tial object shapes, and computes a per-point deformation em-
bedding {dk}fg’fl. As ét and © Py are both mean-centered,
their difference explicitly models local transformations due
to rotations or deformations.
Rotation noise. To enable fi,, to more precisely denoise
pose transformations, we sample an additional rotation noise
term €4 = R¢o — ¢p, where R is sampled from a dis-
tribution over SO(3). Consequently, our forward diffusion
process for the shape ¢ during training is: ¢; = /¢ +
V1 —a(ey + €or). The reverse process for the shape ¢
remains unchanged. Details for the rotation noise implemen-
tation can be found in Appendix III-B on the project website.
Given the sampled global placement reference frame g
and the denoised local placement configuration -’515(’5, we can
then compute the global predicted goal placement point cloud

€ ~N(0,I)  (3)
GPNN(O,I) 4)
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TABLE I: Ablations and Task Success Rates on RPDiff tasks.

‘ Mug/EasyRack Mug/MedRack Mug/Multi-MedRack Book/Shelf Can/Cabinet ‘ Average
TAX3D [12] 0.84 0.46 0.32 0.38 0.42 0.48
RPDiff [15] (w/o classifier-based reranking) - - - - - 0.83
RPDiff [15] 0.92 0.83 0.86 0.94 0.85 0.88
TAX-DPD (Ours) wlo disentangled point diffusion 0.97 0.74 0.61 0.53 0.77 0.72
TAX-DPD (Ours) w/ MLP encodings 0.99 0.84 0.81 0.61 0.64 0.78
TAX-DPD (Ours) w/o GMM 1.00 0.87 0.74 0.75 0.79 0.83
TAX-DPD (Ours) wlo recon. embedding 0.98 0.91 0.80 0.78 0.83 0.86
TAX-DPD (Ours) w/o rot. noise 0.94 0.85 0.73 0.96 0.91 0.88
TAX-DPD (Ours) wlo deform. embedding 0.98 0.94 0.88 0.95 0.80 0.91
TAX-DPD (Ours) w/ SE(3) diffusion 0.97 0.92 0.89 0.96 091 0.93
TAX-DPD (Ours) \ 1.00 0.97 0.95 0.99 0.95 | 097

el

Fig. 3: RPDIiff Task Environments. (7op) Our experiments
span various multi-modal placement tasks with significant
object and scene variation. (Middle) TAX-DPD is able to
precisely model goal configuration as point clouds. (Bottom)
Successful executions of our model’s goal predictions.

as P} = 9P + . The robot can then move the object
to this pose, using either a learned goal-conditioned policy
(Appendix I-B) or by estimating an SE(3) transformation

(Appendix III-E) followed by motion planning.

C. Additional Architecture & Training Details.

We compute reconstruction, object, and deformation em-
beddings each with a PointNet++ [42] point cloud encoder.
These embeddings are aggregated into object and scene
tokens, and are passed as input along with a learnable frame
token into a modified Diffusion Transformer (DiT) [43],
where the object tokens and frame token cross-attend to the
scene tokens. The frame token is then decoded by the frame
prediction head into j;, and the object tokens are decoded
by the shape prediction head into qASt. The current denoised
configuration 9 Pé’t = pr + (;ASt is passed back as input into
the model for the next diffusion timestep.

For efficiency and stable training, we do not sample ¢
from fgobat When training fioca. Querying fgoba for each
training sample significantly increases training cost and may
introduce mode mismatch, as predictions from fgioba may
fall into a different mode than the ground-truth placement
P}, forcing fioca to handle large translational errors rather
than perform local shape refinements. Instead, we sample §
by adding noise to the ground-truth placement frame ?*0’
ie. Juan ~ N (ﬁZ,E). For simplicity, we use ¥ = 1,

though this parameter can be tuned to match the scale of
the errors in feopa. In practice, the global stage only needs
to place g inside the basin where local refinement is effective,
so this training scheme remains well aligned with the test-
time objective while avoiding unnecessary global ambiguity.
Additional architecture and training details can be found in
Appendix II and III on the project website.

V. EXPERIMENTS

We include experiments in both simulation on standard
object placement benchmarks (Sec. V-A) as well as real-
world insertion for manufacturing-related tasks using the
NIST-board (Sec. V-B). TAX-DPD can theoretically be ap-
plied to placement for non-rigid objects, since it makes no
assumptions about SE(3) rigidity. See Appendix I for simula-
tion results of placing non-rigid cloths on hangers. However,
non-rigid placement in the real world is challenging due to
the difficulty of 3D tracking of non-rigid objects; we leave
handling of these issues for future work. We direct the reader
to our project website for supplementary materials and video
demonstrations.

A. Simulation Experiments

1) Experimental Setup: Our simulation experiments are
conducted on the full suite of RPDiff [15] placement
tasks, which are implemented in the PyBullet [44] sim-
ulation engine and designed to evaluate precise rela-
tional object rearrangement in complex, multi-modal en-
vironments. The suite of tasks includes Mug/EasyRack,
Mug/MedRack, Mug/Multi-MedRack, Book/Shelf,
and Can/Cabinet, collectively spanning different degrees
of placement precision, multi-modality, and geometric vari-
ations. Each task has the following objective: (1) hanging a
mug on one rack with one peg, (2) hanging a mug on one
rack with two pegs, (3) hanging a mug on multiple racks
with two pegs, (4) inserting a book into a partially filled
bookshelf, (5) stacking a can on top of a stack of cans or onto
an open shelf. For detailed descriptions and visualizations of
the RPDiff tasks, please refer to the RPDiff paper [15].

2) Evaluation and Metrics: We adopt the insertion con-
troller introduced in RPDIff to execute the predicted place-
ments produced by TAX-DPD and the baselines. For each
placement task, we evaluate success rates over 100 trials,
where in each trial the scene configuration is generated by
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TABLE II: Additional Ablations Comparing Point Diffusion
to SE(3) Diffusion on variations of the Mug Hanging task.

‘ OneMug ManyMugs
TAX-DPD (Ours) w/ SE(3) diffusion 0.97 0.89
TAX-DPD (Ours) (Point diffusion) 0.98 0.95

spawning randomly sampled meshes with randomized poses
for both placement and scene objects from a held-out test
suite (unseen during training). Success is determined by
evaluating the final simulator state after the placement.

3) Baselines: We compare TAX-DPD to RPDIiff [15]
and TAX3D [12], two recent diffusion-based approaches
that operate on distinct domains. RPDiff models object
rearrangement as an iterative de-noising process directly in
the space of rigid SE(3) transformations, which guides a
perturbed transformation toward a valid placement using
object-scene point clouds. To enhance generalization and pre-
cision, RPDIff crops a local point cloud context around the
object based on heuristics and employs a separately trained
success classifier to select the highest-scoring prediction for
evaluation. We report RPDiff’s success rates presented in its
original paper. In contrast, TAX3D operates as a diffusion
model in 3D point space, predicting dense displacements
for the object conditioned on the scene. Although originally
designed for deformable objects, we train it on the same task
suite and apply an identical rigid transformation estimation
procedure (Appendix III-E) for a fair comparison.

4) Comparison between SE(3) diffusion and Point Cloud
Diffusion: Table I reports success rates across the RPDiff
task suite for baselines (top rows), our ablation variants
(middle rows), and TAX-DPD (bottom row). TAX-DPD
demonstrates superior performance over the RPDiff base-
line, which diffuses in SE(3) space. We achieve an av-
erage success rate of 97%, establishing a significant 9%
margin over RPDiff’s 88%. Specifically, in tasks char-
acterized by significant geometric variations across un-
seen objects (e.g. Mug/EasyRack, Mug/MedRack, and
Mug/Multi-MedRack), TAX-DPD consistently generates
more feasible placements under these shape variations; in
cluttered scenes requiring high precision (e.g. Book/Shelf
and Can/Cabinet), our approach demonstrates a superior
capacity for fine-grained local geometric reasoning, with-
out requiring heuristic local cropping adopted in RPDiff.
Furthermore, RPDiff trains a separate learned classifier to
score sampled poses and takes the highest-ranking prediction
for evaluation, while TAX-DPD directly evaluates sampled
configurations in one-shot, without heuristic local cropping
or classifier-based reranking. Compared to RPDiff without a
classifier, which is a more direct comparison, our approach
has an even larger performance gain of 14%.

To isolate the benefits of diffusing in point space from
other architectural choices, we create a controlled ablation
by adapting our own method to perform diffusion directly on
the SE(3) manifold (See Appendix III-C for implementation
details). As shown in Table I, this variant, dubbed “TAX-DPD
(Ours) w/ SE(3) diffusion”, underperforms our full method
by an average of 4%, with this deterioration being most
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Fig. 4: Coverage vs. Precision. We further evaluate TAX-
DPD and the baselines on coverage and precision with
increasing numbers of inference samples on the RPDiff task
Book/Shelf.

significant on mug-hanging tasks involving substantial object
geometric variations. This result confirms that operating in
point space is a key contributor to our model’s success.

To further analyze why point cloud diffusion is prefer-
able, we conduct a targeted analysis on two versions of
the Mug/Multi-MedRack task. The first, which we term
OneMug, uses a fixed mug geometry and a fixed set of racks
to isolate the placement challenge from shape variation. The
second, ManyMugs, is the original task featuring diverse,
unseen geometries for both mugs and racks. As shown in
Table II, the two methods perform comparably on OneMug
(98% vs. 97%) when the object geometry has no variations.
However, when faced with the diverse, unseen shapes of the
ManyMugs task, TAX-DPD’s performance remains robust
with only a small drop (98% —95%), whereas the SE(3)
variant suffers a more significant deterioration (97% —89%).
This aligns with our insight that point cloud diffusion, in
contrast to SE(3) diffusion, supports reasoning about low-
level object geometry, thereby facilitating more effective
generalization to geometric variations in object manipulation.

5) Benefits of Global Placement Initialization: To un-
derstand the importance of global placement initialization,
we also perform an ablation in which we remove the
dense GMM and instead initialize the diffusion process at
the centroid of the scene point cloud (“TAX-DPD (Ours)
w/o GMM?”). Table I shows that this leads to a drop in
performance of 14%. We further compute the coverage and
precision of the Book /Shel £ task for different values of K,
which is defined as the number of predictions sampled (see
Figure 4). Here, coverage measures the fraction of feasible
ground-truths that are within a threshold distance of at least
one of the K samples, while precision measures the fraction
of the K sampled predictions that are within a threshold
distance of one of the ground-truths. TAX-DPD achieves
state-of-the-art coverage while maintaining high precision. In
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TABLE III: Task Success Rates and Precision Metrics on Real-World Insertion Tasks. For the multimodal Waterproof task,
translation and rotation errors are omitted because there is no single canonical target pose.

Unimodal Multimodal
Waterproof DSUB-25 SSD Waterproof
TAX-Pose TAX-DPD (Ours) TAX-Pose TAX-DPD (Ours) TAX-Pose TAX-DPD (Ours) ‘ TAX-DPD (Ours)
Success Rate 80% (16/20) 100% (20/20) 80% (16/20) 80% (16/20) 0% (0/20) 85% (17/20) 90% (18/20)
Trans. Err. (mm) 1.04 0.72 0.93 1.00 16.18 2.75 -
Rot. Err. (°) 1.64 1.18 3.16 1.36 13.81 2.77 -

contrast, the ablation of our method without the GMM has a
significant drop in both precision and coverage, highlighting
the importance of the global placement initialization.

6) Benefits of Disentangled Point Diffusion: To under-
stand the importance of disentangled point diffusion, we
perform an ablation in which we directly predict the goal
configuration with point cloud diffusion (“TAX-DPD (Ours)
w/o disentangled point diffusion”). As shown in Table I, re-
moving disentangled point diffusion causes the most perfor-
mance degradation of 25%, confirming that forcing the model
to predict dense geometry and translation as a combined
output is ineffective for point cloud diffusion approaches.

7) Ablation Study: We further ablate the remaining design
choices of TAX-DPD in Table I. Variants that replace the
encoder with simple MLPs or remove reconstruction or
deformation embeddings all degrade performance, indicating
the need for expressive feature representations that capture
fine-grained geometric structure for precise dense prediction.
In addition, rotation noise perturbations are essential for
learning diverse poses, and their removal lowers the average
success rate to 88%, most notably in mug-hanging tasks.

B. Real-World Experiments

1) Experimental Setup: To examine whether TAX-DPD
can reliably complete real-world placement tasks, we eval-
uate it on high-precision industrial tasks with three distinct
connectors: the “Waterproof”, “DSUB-25", and “SSD” con-
nector from the NIST Assembly Task Board 1 [45] (see
Figure 1 and Figure 5). Our setup uses a 6-DOF robot arm
with a dual-camera system (wrist and side) to capture point
clouds of the plug and the sockets. The primary challenge
arises from significant, random perturbations to the con-
nector’s initial configuration via varying the object’s initial
pose in the gripper. For each task, we collect a dataset of
20 demonstrations of successful connection placements via

Q0w >.

Unimodal Unimodal Multimodal
(b) DSUB-25 (¢) SSD (d) Waterproof
Fig. 5: Insertion task rollouts. Selected TAX-DPD rollouts.
Top: pre-insertion. Bottom: post-insertion.

| - N

Unimodal
(a) Waterproof

teleoperations. More details about the real-world experiments
can be found in Appendix IV.

2) Insertion Success Rate Results: The results presented
in Table III underscore the effectiveness of our approach.
We achieved 80-100% success across four high-precision
insertion tasks that necessitate positional accuracy at the
millimeter scale and rotational error within a 1-2 degree
tolerance, highlighting the difficulty of accomplishing the in-
sertion tasks in an industrial setting. TAX-DPD also matches
or dramatically outperforms TAX-Pose [13], a strong base-
line tailored for unimodal relative placement tasks through
learned soft correspondences. Notably, TAX-Pose fails all
20 SSD trials, producing extremely high errors. Because
the SSD object is relatively tall, small rotation errors in the
predicted bottom-face point cloud lead to large errors in the
resulting gripper pose. TAX-DPD, on the other hand, is still
able to achieve high success rates. Furthermore, in the multi-
modal version of the Waterproof connector insertion task, our
model still achieves a reliable success rate of 90%.

VI. CONCLUSION

We present a hierarchical goal prediction framework that
pairs a scene-conditioned Dense GMM for global placement
with a local point-cloud diffuser that jointly denoises the
object geometry and frame in local coordinates. This design
resolves scene-level multi-modality while preserving place-
ment precision and generalizes across object geometries. In
simulation (RPDiff), we attain state-of-the-art success rates,
significantly outperforming prior work. Our analysis shows
that point cloud diffusion significantly outperforms SE(3)
diffusion especially when the task requires generalizing over
variations in object geometry. On a millimeter-level industrial
real world insertion challenge, TAX-DPD outperforms a
strong baseline in both unimodal and multi-modal settings,
achieving success rates between 80 and 100%.
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