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Fig. 1: We present RoTri-Diff, a diffusion-based framework for bimanual imitation learning that centers on robot–object
triadic interaction (RoTri). By explicitly modeling and leveraging the relative 6D pose relations between the two arm end-
effectors and the manipulated objects, it achieves stable performance on bimanual tasks requiring fine-grained coordination.

Abstract— Bimanual manipulation is a fundamental robotic
skill that requires continuous and precise coordination between
two arms. While imitation learning (IL) is the dominant
paradigm for acquiring this capability, existing approaches,
whether robot-centric or object-centric, often overlook the
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dynamic geometric relationship among the two arms and the
manipulated object. This limitation frequently leads to inter-
arm collisions, unstable grasps, and degraded performance in
complex tasks. To address this, in this paper we explicitly
models the Robot–Object Triadic Interaction (RoTri) repre-
sentation in bimanual systems, by encoding the relative 6D
poses between the two arms and the object to capture their
spatial triadic relationship and establish continuous triangular
geometric constraints. Building on this, we further introduce
RoTri-Diff, a diffusion-based imitation learning framework that
combines RoTri constraints with robot keyposes and object
motion in a hierarchical diffusion process. This enables the gen-
eration of stable, coordinated trajectories and robust execution
across different modes of bimanual manipulation. Extensive
experiments show that our approach outperforms state-of-the-
art baselines by 10.2% on 11 representative RLBench2 tasks
and achieves stable performance on 4 challenging real-world
bimanual tasks. Project website: https://rotri-diff.github.io/.

I. INTRODUCTION

Bimanual manipulation is a fundamental robotic capabil-
ity, essential for executing complex, human-like tasks that
demand fine-grained dual-arm coordination [1]–[5]. Imitation
learning (IL) has become the dominant paradigm for acquir-
ing this skill [4], [6]–[13], and existing approaches fall into
two main categories. The first is robot-centric IL, where mod-
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els learn directly from demonstration trajectories: they either
predict sparse robot keyposes for high-level planning [10],
[14], executed by motion planners [15], [16], or generate
dense continuous action sequences for direct control [17],
[18]. Hybrid methods combine these paradigms [19], [20],
using keyposes to guide continuous action generation. More
recently, object-centric IL methods [9], [21] enrich robot-
centric IL by incorporating the manipulated object’s motion
as auxiliary guidance.

Despite significant progress, existing approaches still face
critical limitations. As shown in the upper part of Fig. 1,
current paradigms struggle in the “pick plate” task that
requiring fine-grained dual-arm coordination (one arm tilting
the plate while the other grasps it). Keypose-based methods
enhance spatial awareness but, due to sparse supervision and
poor control of intermediate states, often yield inaccurate
trajectories and inter-arm collisions. Continuous action-based
methods reproduce diverse motions, yet their reliance on
dense supervision leads to overfitting, weakening perception
and generalization. Hybrid methods combining keyposes and
continuous actions seek a balance but fail to capture the
object’s dynamic state, causing one arm to be unable to
tilt the plate properly. Object-centric extensions enhance
object awareness by leveraging movement information (e.g.,
object pointflow), but they overlook explicit robot–object
interactions, which may lead to failures, such as a plate
slipping before the other arm completes the grasp. Overall,
these limitations make bimanual systems unstable in tasks
that demand high-precision coordination.

In contrast, when performing bimanual operations, humans
naturally sustain a continuous awareness of the spatial
triadic relationship, that is, both the relation between the
two hands and the relation between each hand and the
manipulated object. Such triadic reasoning implicitly encodes
inter-hand distances, hand–object relations, and their dy-
namic interactions, thereby ensuring stable and collision-free
coordination. Consistently, findings from UMI [22] show that
providing policies with the relative pose between grippers
is crucial for achieving effective bimanual coordination. In
the domain of dexterous manipulation, cutting-edge works
such as D(R,O) [23] and RobustDexGrasp [24] have also
demonstrated that explicitly modeling hand–object interac-
tions can significantly improve manipulation performance.
Taken together, we argue that constructing a reasonable spa-
tial triadic interaction for bimanual system and incorporating
it into bimanual policies can enhance manipulation stability.

Motivated by this insight, we introduce RoTri-Diff, a
novel IL framework guided by the spatial Robot–Object
Triadic Interaction (RoTri). At its core, RoTri models the
triadic spatial configuration formed by the two end-effectors
and the manipulated object. By uniformly encoding their
relative 6D pose, it establishes a continuous triangular ge-
ometric constraint that provides structured guidance for fea-
sible and stable bimanual coordination. As shown in Fig. 1,
RoTri-Diff is the first bimanual IL framework that integrates
three key guidance signals: robot keyposes for long-horizon
planning, object movement for capturing physical dynamics,

Imitation Learning Guides

Method Robot
Keyposes

Object
Movement

Robot–Object
Interaction Prediction Type

ACT [17] X X X Continuous Actions
PerAct2 [10] ✓ X X Keyposes
DP3 [18] X X X Continuous Actions
AnyBimanual [14] ✓ X X Keyposes
3D Diffuser Actor [19] ✓ X X Keyposes & Continuous Actions
PPI [9] ✓ ✓ X Keyposes & Continuous Actions
RoTri-Diff (Ours) ✓ ✓ ✓ Keyposes & Continuous Actions

TABLE I: Comparison of representative bimanual imitation
learning methods.

and the core RoTri representation for maintaining stable
spatial relations. Architecturally, RoTri-Diff is a hierarchical
diffusion model that can generate action sequences while
maintaining consistency from global planning to fine-grained
execution. The process includes three stages: (i) simultane-
ously predicting object pointflow and a continuous RoTri seg-
ment; (ii) generating keypose actions based on the predicted
object pointflow and the RoTri at the keypose timesteps from
(i); and (iii) integrating the three signals produced in (i) and
(ii) to generate continuous action sequences. We extensively
evaluate RoTri-Diff in both simulation and the real world.
On the RLBench2 bimanual benchmark [10], it achieves an
10.2% higher success rate across 11 representative tasks
compared to state-of-the-art baselines. Furthermore, in four
challenging real-world bimanual manipulation tasks, RoTri-
Diff demonstrates robust and stable performance.

In summary, our contributions are threefold:
• We introduce the concept of RoTri for bimanual ma-

nipulation, a triadic interaction representation that ex-
plicitly encodes spatial relations between the two arms
and the object, enabling stable bimanual actions.

• We introduce RoTri-Diff, a hierarchical diffusion model
that synergistically integrates robot keyposes, object
dynamics, and RoTri constraints to generate spatially
and temporally consistent trajectories.

• We provide extensive empirical validation, achieving
state-of-the-art performance on 11 RLBench2 tasks and
robust real-world execution in four bimanual manipula-
tion scenarios.

II. RELATED WORK

A. Imitation Learning for Bimanual Manipulation

Current imitation learning (IL) approaches for biman-
ual manipulation can be broadly categorized into two
paradigms [10], [11], [14], [17]. The first is robot-centric,
which directly models and predicts robot states. It includes:
(i) keypose-based methods [10], [14] that predict discrete
waypoints and rely on motion planners for execution; (ii)
continuous action-based methods [4], [17], [18] that generate
dense control sequences using Transformers or diffusion
models; and (iii) hybrid methods [19], [20] that combine
high-level keypose prediction with low-level trajectory gener-
ation. The second is object-centric, which uses object motion
as the primary guidance signal for action generation [9], [21].
For instance, PPI [9] leverages 3D point-level object flow
to enhance spatial grounding and manipulation precision.
Despite their differences, both paradigms fail to explicitly
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model the dynamic spatial relationship between the two arms
and the object, limiting performance in contact-rich tasks re-
quiring tight coordination and collision avoidance. To address
this gap, we introduce the RoTri representation as a unified
guidance signal. As shown in Table I, our method integrates
robot-object interactions, robot keyposes, and object motion
within a hierarchical framework, enabling robust prediction
of both end-effector keyposes and continuous actions in
complex bimanual scenarios.

B. Diffusion Models for Manipulation

Diffusion models, such as Denoising Diffusion Proba-
bilistic Models (DDPM) [25], have achieved remarkable
success in generative domains including image [26], [27]
and video synthesis [28], [29]. Inspired by these advances,
recent work has applied diffusion models to robotic action
generation via imitation learning. These methods typically
learn policies that iteratively denoise action trajectories,
conditioned on perceptual inputs from 2D images [30]–[34]
or 3D point clouds [18], [19], [35], [36]. In the context
of bimanual manipulation, diffusion-based approaches have
further explored unified action spaces [4], constrained image-
conditioned policies [8], kinematics-aware action genera-
tion [12], and object-flow guidance [9]. While these advances
mark important progress, they still inherit the key limitation
outlined above: the lack of explicit modeling of the spatial
triadic interactions between the arms and the object. In
contrast, our proposed RoTri-Diff is the first diffusion-based
framework to explicitly incorporate this relational geometry.
By conditioning the denoising process on the RoTri repre-
sentation, our hierarchical model significantly improves the
stability and coherence of generated bimanual actions.

III. METHOD

In this section, we detail the overall architecture of RoTri-
Diff. We start with a brief problem formulation (Sec. III-A),
then describe visual perception and Robot-Object Triadic In-
teraction (RoTri) modeling (Sec. III-B), including 3D seman-
tic feature construction, initial object point cloud acquisition,
and building the unique RoTri representation from the 6D
poses of the two arm end-effectors and the object. Next, we
cover key imitation learning (IL) guidance signals: keyposes,
object pointflow, and the RoTri relationship (Sec. III-C).
We then present the action prediction module (Sec. III-D),
a hierarchical, diffusion-based Transformer with synergistic
attention for precise action generation. Finally, we detail the
training and inference procedures (Sec. III-E). Fig. 2 provides
an overview of our proposed framework.

A. Problem Formulation

Given a set of bimanual manipulation demonstrations D =
{(ot, at)Ti

t=0}Ni=0, our goal is to train a RoTri-Diff network
ϵθ that maps visual observations o to actions a. At timestep
t, our model takes as input the language instruction and
RGBD images from K cameras, and outputs a sequence
of hc continuous actions act = {at:t+hc−1}, where each
action at represents the target gripper poses and openness for

both the left and right manipulators. The model incorporates
three key imitation learning (IL) guidance signals: Keyposes,
Object Pointflow, and the Robot-Object Triadic Interaction
(RoTri) representation. A keypose timestep tk is defined as
a turning point in the trajectory with significant changes
in the grippers’ openness and the arms’ joint states [10],
[19], [35], [37]. The first signal, Keyposes, specifies the
target end-effector poses for the subsequent hk keyposes,
akt = {atki }

hk

i=1. The second, Object Pointflow, defines the
positions of Nq object point cloud points at the next hk

keyposes, F ∈ Rhk×Nq×3. Finally, the third signal, the RoTri
representation Rt ∈ R21, precisely quantifies the 6D relative
poses of the two arms and the object.

B. Visual Perception and RoTri Modeling

Visual Perception. As is seen in Fig. 2(a), to obtain
3D semantic features that integrate both semantic and ge-
ometric information, we adopt the 3D scene representation
method from PPI [9]. We first preprocess the raw point
clouds through cropping and downsampling. We then use the
DINOv2 model [38] to extract pixel-wise semantic features
from multi-view 2D images. These features are fused via
a weighted sum, with weights determined by the point’s
distance from the projected surface. To mitigate computa-
tional burden, we use a PointNet++ dense encoder [39] to
downsample the scene points into a compact representation
St ∈ RNs×(3+D). This compressed representation retains key
geometric and semantic details while enhancing local point
relationships through the set abstraction of PointNet++.

To enable the model to focus on capturing overall ob-
ject motion rather than global absolute coordinates, thereby
ensuring robust and generalized pointflow estimation even
when the object’s position is out of distribution, we use
the same initial object point cloud sampling strategy as
in PPI [9], which approximates the conditional distribution
p(F |F0). Here, F0 represents the initial point cloud sampled
from the manipulated object in the first frame. To acquire
F0, we use the Grounding DINO [40] and SAM [41] models
to generate an object mask from a language prompt and an
image. We then randomly sample Nq = 200 pixels from
the mask and obtain their 3D coordinates F0 ∈ RNq×3.
Consistent with the setup in PPI [9], this sampling operation
is performed only once per episode.

RoTri Modeling. The core of our method is to capture
the dynamic triadic interaction formed by the two arms and
the manipulated objects. We define the Robot-Object Triadic
Interaction (RoTri) vector as a compact representation of this
relationship. To obtain the initial RoTri vector, we first ac-
quire the 6D absolute poses of the two arm end-effectors and
the object at the initial timestep. We then compute the relative
poses between each pair and concatenate them into a single
vector: R0 = [p0left→right, p0left→obj, p0right→obj] ∈ R21, where
each 7-dimensional component consists of a 3D position
and a 4D quaternion (x, y, z, w). For training supervision,
this representation is computed at every step of the expert
trajectory, yielding the ground-truth sequence {Rt}Tt=0. For
tasks with multiple manipulated objects, we extend RoTri
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Fig. 2: Overview of RoTri-Diff. (a) Visual Perception and RoTri Modeling: Extracting the initial object point cloud F0, 3D
semantic features St, and the initial RoTri representation R0 from multi-view observations. (b) Imitation Learning Guidance
Signals: Three complementary signals used for supervision: Keyposes, Object Pointflow, and the RoTri Relationship. (c)
Hierarchical Diffusion Model: The model concurrently predicts object pointflow and autoregressively predicts a future
RoTri segment. These predictions then serve as dynamic conditions to guide the denoising and generation of keyposes and
continuous actions within a synergistic attention module.

modeling to handle variable interactions while maintaining a
fixed-size representation. We construct a set of RoTri vectors,
each describing the triadic interaction with one object, and
aggregate them using a permutation-invariant Transformer
encoder. The encoder outputs a high-dimensional embedding
summarizing the most relevant interactions, which is then
projected back into a fixed 21-dimensional vector. This
allows the model to dynamically focus on the relevant objects
while remaining scalable and robust to varying object counts.

C. IL Guidance Signals
Keyposes & Object Pointflow. Following PPI [9], we

generate two key IL guidance signals. First, we employ the
heuristic algorithm [37] to extract keyposes atki from expert
trajectories, which are defined as points where joint velocity
approaches zero or gripper open/close events occur, and
these serve as targets to guide continuous action generation.
Second, to address the occlusion issue caused by object
motion, we leverage the object’s 6D pose (obtained from
simulation [10] or the real world [42], [43]) to transform
initial object point cloud F0 to their future keypose positions
Ftki

∈ RN×3. These transformed points serve as the ground
truth for pointflow supervision and eliminate the need for
real-time pose estimation during inference.

RoTri Relationship. Instead of directly predicting the
complete RoTri trajectory, we adopt a more robust approach
by learning its dynamic evolution through approximating the
conditional distribution p(R|R0). Specifically, the model pre-
dicts in an incremental fashion: at each timestep, it predicts
the change in the RoTri representation, ∆Rt. The subsequent
RoTri representation Rt is then obtained by accumulating this
predicted change onto the previous timestep’s representation,

i.e., Rt = Rt−1 + ∆Rt. This predictive paradigm shifts
the learning focus from inferring complex absolute poses to
capturing relative interaction dynamics.

D. Hierarchical Diffusion Model for Action Prediction
Observation Encoder. The observation encoder of RoTri-

Diff processes and encodes multi-modal inputs, including
the 3D semantic features, language instruction, robot states,
initial object points, and the initial RoTri representation into
a unified latent space. The language instruction is processed
by a CLIP-based text encoder, while the robot states (which
include pose and gripper state for both arms), initial object
points, and the initial RoTri representation are each indepen-
dently projected into the latent space via separate three-layer
MLPs. These encoded features are then integrated to form
the final observational conditioning for the model.

Action Prediction. As shown in Fig. 2(c), at timestep
t and denoising step i, RoTri-Diff integrates RoTri tokens
Rt, scene tokens St, language tokens L, initial object points
tokens F0, and noised action tokens ak,it and ac,it . Each token
comprises a latent embedding and a 3D position. Following
3D Diffuser Actor [19] and PPI [9], we apply Relative Self-
Attention with Rotary Positional Embedding to effectively
leverage the relative 3D spatial information between tokens.
The robot’s proprioception et and denoising timesteps i
affect the attention through Feature-wise Linear Modulation
(FiLM) [44]. All tokens first attend to the language tokens L
via Parallel Attention. Subsequently, the model initiates two
parallel processes: 1) Object pointflow (PF) prediction: In
a one-shot process, initial object points tokens F0 attend to
scene tokens St. An MLP then predicts a 12D representation
(xyz coordinates for subsequent keyposes) for each object
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points. 2) Auto-regressive RoTri prediction: This process
follows a hierarchical auto-regressive prediction mechanism,
iterating on a keypose-by-keypose basis. The model auto-
regressively predicts the RoTri segment {Rt:t+H} for the
next H timesteps. Each prediction is conditioned on the
previous keypose step’s RoTri state (initially R0) attending to
scene tokens and immediately serves as a dynamic condition
for action generation. Rather than a single-shot prediction,
the model proceeds step-wise across keypose segments,
predicting each segment’s RoTri trajectory conditioned on the
previous segment’s final RoTri (or R0 for the first segment).

The predicted RoTri segment conditions keypose action
generation. Noised keypose tokens ak,it attend to the object
PF, scene, and the specific RoTri token at the keypose
timestep (Rt+H ) via Relative Self-Attention. An MLP maps
the output to the action dimension, supervised by keypose
noise ϵk,it . Then, noised continuous action tokens ac,it attend
to all prior features, including the new keypose and full RoTri
segment. Another MLP predicts continuous noise ϵc,it for
supervision. The final state of the predicted RoTri segment
Rt+H feeds into the next iteration, completing the auto-
regressive chain.

E. Implementation Details

Training. For the RoTri-Diff network ϵθ, all losses are
computed via an L1 norm. Given the conditioning inputs (3D
features St, language L, initial points F0, initial RoTri R0,
and proprioception et), the loss functions are:

Lc = ||ϵθ(St, L, F0, R0, et, a
c,i
t , i)− ϵc||1

Lk = ||ϵθ(St, L, F0, R0, et, a
k,i
t , i)− ϵk||1

Lpf = ||ϵθ,pf(St, L, F0, et, i)− F ||1
Lrotri = ||ϵθ,rotri(St, L,R0, et, i)−∆Rt||1

Here, ac,it and ak,it are noised actions, while ϵc and ϵk are
the ground truth noise. ϵθ,pf and ϵθ,rotri denote the prediction
heads for the object PF F and the change in RoTri repre-
sentation ∆Rt. The total training loss is:

Lθ = wcLc + wkLk + wpfLpf + wrotriLrotri,

with weights wc, wk = 0.05 and wpf , wrotri = 1.0. In all
experiments, we use a DDPM noise schedule with 1000
training timesteps. For tasks from the RLBench benchmark,
we train for 500 epochs; for real-world tasks, we train
for 1000 epochs. We use a batch size of 64, an AdamW
optimizer with a learning rate of 1e-4, and a cosine decay
learning rate scheduler, and conduct model training on eight
A5000 GPUs. We select the checkpoint with the lowest
average validation loss for evaluation.

Inference. At the start of an episode (t = 0), we
sample Nq = 200 object points F0 and compute the initial
RoTri representation R0, which serve as global conditions.
At each key decision point t, the policy generates actions by
starting with random noise âNt ∼ N (0, I) and performing
an iterative hierarchical diffusion process. In each denoising
step, the model predicts the future PF F and RoTri segment

Push Buttons Lift Tray Lift Ball Push Box

Put Item into DrawerSweep to Dustpan Pick LaptopPut Bottle in Fridge

Pick PlateHandover Item (Easy) Handover Item (Hard)

Fig. 3: Visualization of the 11 RLBench2 tasks.

{Rt:t+H} as dynamic guidance. After a set number of steps
(1000 for DDPM in sim, 20 for DDIM in real), the process
yields a clean sequence of 50 continuous actions. The entire
generated action sequence is then sent to the robot controller
for complete execution until the next keypose is reached, at
which point the planning cycle repeats.

IV. EXPERIMENTS

In this section, we perform a series of experiments aimed
at addressing the following questions:
Q1: How well does RoTri-Diff perform on complex biman-
ual manipulation tasks in simulation, and can it outperform
state-of-the-art methods?
Q2: What critical role does the RoTri representation play?
Among keypose guidance, continuous action prediction,
and the synergy between the two, which application of
RoTri is most critical for improving model performance?
Q3: Can RoTri-Diff maintain stable performance on real-
world bimanual tasks that require precise spatial coordina-
tion and strict action constraints?

A. Simulation Results

Simulation Setup. To answer Q1, we perform extensive
simulation experiments in RLBench2 [10], a bimanual ma-
nipulation benchmark built on CoppeliaSim featuring diverse
tasks with varying coordination demands. As shown in
Fig. 3, we select eleven challenging tasks, grouped into three
bimanual coordination types [10]: 1) Symmetric Coordina-
tion: Both arms move simultaneously on separate objects.
The challenge lies in parallel operation within a shared
workspace, requiring continuous perception of spatial rela-
tions to plan collision-free trajectories. Task: Push Buttons.
2) Synchronous Coordination: Both arms jointly manip-
ulate a single object. The difficulty is precise coordination
of relative poses to prevent drops or collisions. Tasks: Lift
Tray, Lift Ball, Push Box. 3) Asynchronous Coordination:
Arms perform dependent sequential actions on the same
object. The challenge is capturing accurate spatiotemporal
interaction to ensure reliable execution while avoiding drops
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Avg. Success (%)
push

buttons
lift
ball

lift
tray

push
box

handover
item (easy)

handover
item (hard)

pick
laptop

put item
into drawer

sweep
to dustpan

pick
plate

bottle
in fridge

ACT [17] 5.9 4.0 38.3 1.3 67.0 0.0 0.0 0.0 1.7 0.0 0.0 0.0
PerAct2 [10] 16.8 47.0 50.0 60.0 62.0 19.7 11.0 36.7 49.7 2.0 4.0 3.0
DP3 [18] - - 27.0 6.3 39.3 4.7 - 6.0 0.0 98.7 - -
AnyBimanual [14] 39.9 73.0 36.0 67.0 46.0 44.0 15.0 7.0 50.0 67.0 8.0 26.0
3DDA [19] - - 87.3 76.0 54.7 44.7 - 40.7 52.7 96.7 - -
PPI [9] 70.7 92.0 89.3 92.0 96.7 62.7 37.3 46.3 79.7 98.7 0.0 82.6
RoTri-Diff (ours) 80.9 (10.2%↑) 97.0±1.73 95.7±1.15 94.3±1.15 95.0±1.73 73.3±2.89 52.3±2.52 66.0±3.46 87.0±1.73 96.67±2.89 40.7±1.15 92.0±1.73

TABLE II: Performance on 11 RLBench2 tasks. AnyBimanual is a multi-task policy evaluated with a single checkpoint
across all tasks, whereas the other methods are single-task policies that report results from the best checkpoint for each
task [9], [20]. RoTri-Diff is evaluated with three seeds per task, reporting the mean and standard deviation.

or collisions. Tasks: Put Button in Fridge, Sweep to Dustpan,
Pick Laptop, Put Item into Drawer, Handover Item (Easy),
Handover Item (Hard), Pick Plate.

Baselines. We compare RoTri-Diff with a diverse set
of baselines to highlight its advantages across different
levels. ACT [17] and DP3 [18] directly predict continuous
action sequences without leveraging high-level guidance.
PerAct2 [10] and AnyBimanual [14] employ a Perceiver-
based architecture [45] to predict discrete keyposes. 3D
Diffuser Actor (3DDA) [19] further integrates diffusion to
predict both keyposes and full action trajectories. PPI [9]
combine keypose and object-movement guidance, achieving
strong performance on tasks with dynamic objects. DP3 and
3DDA are evaluated on only a subset of the 11 tasks.

Metric. Our method is evaluated with 100 rollouts per
task under randomized initial states. We report the success
rate (%) for each task as well as the average across all
tasks, where results are averaged over three independent
checkpoints and presented with mean and standard deviation.

Overall Performance. As shown in Table II, our RoTri-
Diff model achieves an average success rate of 80.9% across
11 tasks. This result not only significantly outperforms all
baselines but also represents a 10.2% improvement over
the previous state-of-the-art. Methods that rely solely on
continuous action prediction, such as ACT and DP3, perform
poorly on tasks requiring fine-grained control; for instance,
DP3 achieves only 0.0% on put item into drawer. Simi-
larly, keypose-based methods like PerAct2 and AnyBimanual
struggle with challenging coordination tasks. On handover
item (hard), for example, AnyBimanual achieves only 15.0%,
whereas our RoTri-Diff reaches 52.3%. Although 3DDA
combines keyposes with continuous actions, it lacks explicit
modeling of object dynamics. As a result, it underperforms
significantly in asynchronous coordination tasks: on han-
dover item (easy), it achieves only 44.7%, compared to
RoTri-Diff’s 73.3%. Similarly, on put item into drawer,
RoTri-Diff achieves 87.0%, far exceeding 3DDA’s 52.7%.

Against the state-of-the-art hybrid baseline PPI, our RoTri-
Diff demonstrates clearer advantages. While PPI is the first
to introduce object movement guidance, it completely fails
on the highly constrained pick plate task (0.0%), whereas
RoTri-Diff achieves 40.7%. On handover item (easy) and
put item into drawer, RoTri-Diff also surpasses PPI by
large margins, reaching 73.3% vs. 62.7% and 87.0% vs.
79.7%, respectively. In summary, by explicitly modeling the

Method push
buttons

lift
tray

pick
plate

bottle
in fridge

RoTri (Keypose Only) 93.7 92.6 29.3 90.3
RoTri (Continuous Only) 95.3 88.7 21.3 86.0

RoTri-Diff 97.0 94.3 40.7 92.0

TABLE III: Ablation Study. Comparison of two architec-
tural variants with RoTri-Diff, confirming the necessity of
combining keypose and continuous RoTri guidance in a full
hierarchical design.

Fig. 4: Ablation Study. Comparing Dense with Sparse (5/10
step) variants shows that higher guidance density consistently
yields superior task success.

RoTri relationship, our method enables the system to directly
perceive the spatial relation among the two arms and the
manipulated object, thereby enhancing its performance in
tasks that require precise coordination and spatial interaction.

Ablation Study. To address Q2, we conduct three ablation
studies to examine the role of RoTri representations and
their synergy with the hierarchical prediction architecture.
We design three variants: RoTri (Keypose Only): This
variant uses RoTri only at the keypose timestep to guide
high-level keypose prediction, while continuous actions are
generated from predicted keyposes, scene features, and point
cloud flow. It tests whether RoTri mainly benefits high-level
planning or also continuous execution. RoTri (Continuous
Only): This variant removes the keypose prediction module
and directly uses the full RoTri relationship to generate
continuous action sequences, examining whether RoTri alone
can replace the hierarchical structure. RoTri (Sparse): This
variant studies the effect of temporal density by providing
RoTri guidance at fixed intervals (every 5 or 10 timesteps)
between keyposes, evaluating how dense step-wise guidance
affects performance.

As shown in Table III, both representation and hierarchy
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are essential. In the Keypose Only variant, performance
on Pick Plate drops to 29.3% (vs. 40.7% for RoTri-Diff),
showing that continuous constraints are needed for smooth,
fine-grained actions. Conversely, the Continuous Only variant
reaches 88.7% on Lift Tray but only 21.3% on Pick Plate,
suggesting keyposes provide a crucial predictive anchor for
complex tasks. Fig. 4 further highlights the importance of
temporal guidance density. RoTri-Diff consistently outper-
forms sparse variants: for example, on Push Buttons, success
drops from 97.0% (dense) to 96.3% (5-step) and 96.0% (10-
step), with larger gaps in precision-heavy tasks such as Pick
Plate (40.7% vs. 37.0%). This shows that dense per-timestep
RoTri guidance prevents drift and error accumulation. Over-
all, the ablation confirms that combining explicit RoTri
representation, hierarchical prediction, and dense temporal
guidance is key to robust bimanual coordination.

Intel RealSense D435

Intel RealSense 
D435

Intel RealSense 
D415

xArm6 xArm6

Fig. 5: Real-world experimental setup.

B. Real-world Results

Real-world Setup. To answer Q3, we evaluate the pro-
posed method on two xArm6 robots, with the setup shown
in Fig. 5. Each scene includes two Eye-on-Hand cameras
and one Eye-on-Base RealSense camera. Four real-world
tasks are designed, covering the three coordination types: 1)
Pick Tomato & Banana (Symmetric Coordination): Both
arms simultaneously grasp a tomato and a banana from
the table and place them into a fruit bowl. 2) Pick Plate
(Asynchronous Coordination): One arm tilts the plate by
pressing its edge, while the other grasps the lifted side. 3)
Wash Plate (Asynchronous Coordination): One arm retrieves
a plate from the shelf and positions it, while the other grasps
a brush and wipes the plate. 4) Lift Basket (Synchronous
Coordination): Both arms collaboratively lift a basket with
stacked blocks and place it onto a wooden post while keeping
the blocks upright. The task processes are illustrated in
Fig. 6. Demonstrations are collected via the Meta Quest
2 teleoperation platform: 50 for “Lift Basket” and “Pick
Place”, and 20 for the other tasks.

Metric. We report the total number of successful outcomes
of RoTri-Diff across four real-world manipulation tasks,
summing the successful trials (1 if the task is completed,
0 otherwise) over 5 trials per task. This total reflects overall
performance across all trials.

(a) Pick Apple & Banana (Symmetric Coordination)

(b) Pick Plate (Asynchronous Coordination)

(c) Wash Plate (Asynchronous Coordination)

(d) Lift Basket (Synchronous Coordination)

Fig. 6: Task process visualizations in 4 real-world tasks.

Method Pick
Tomato & Banana

Pick
Plate

Wash
Plate

Lift
Basket

RoTri-Diff 5/5 3/5 4/5 4/5

TABLE IV: Real-world experiment results.

Real-world Performance. As shown in Table IV, we eval-
uate RoTri-Diff across four real-world manipulation tasks
using the number of successful trials (out of 5 trials per task).
In the “Pick Tomato & Banana” task, RoTri-Diff achieves
5 successful trials out of 5, demonstrating its ability to
plan and execute two independent parallel grasps within a
shared workspace while avoiding collisions. In the “Pick
Plate” and “Wash Plate” tasks involving complex sequential
manipulation, RoTri-Diff achieves 3 out of 5 and 4 out of
5 successful trials, respectively, highlighting its capability to
handle tasks with strict temporal dependencies and precise
bimanual coordination. Notably, in the “Pick Plate” task, one
arm first tilts and stabilizes the plate before the other grasps
the lifted side, imposing strict spatial constraints between
the two arms and the object. In the “Lift Basket” task,
RoTri-Diff achieves 4 successful trials out of 5, indicating
its ability to maintain stable and synchronous spatial coor-
dination between the two arms and the object under load.
Taken together, these results demonstrate that RoTri-Diff
can robustly address the diverse complexities of real-world
bimanual manipulation.

V. CONCLUSION AND LIMITATION

We propose RoTri-Diff, a diffusion-based imitation learn-
ing framework for bimanual manipulation that explicitly
models the robot–object triadic interaction (RoTri) for the
first time. The RoTri representation encodes the relative 6D
poses between the two end-effectors and the manipulated
object, thereby capturing their triadic spatial relationship
through continuous triangular geometric constraints. Built
upon this representation, RoTri-Diff integrates robot key-
poses, object pointflow, and RoTri constraints within a hierar-
chical diffusion process to generate temporally and spatially
stable bimanual actions. Extensive experiments show that
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RoTri-Diff not only outperforms state-of-the-art baselines
across simulation tasks with different coordination modes,
but also achieves stable performance in 4 real-world chal-
lenging tasks, paving the way toward human-level bimanual
manipulation in diverse scenarios.

Despite its strengths, RoTri-Diff remains limited by its
reliance on rigid-body assumptions and accurate 6D pose es-
timation, restricting generalization to deformable objects and
unstructured environments. Future work will aim to establish
a more general triadic interaction representation capable of
handling deformable objects, supporting cross-embodiment
transfer, and adapting to diverse bimanual platforms.
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