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Abstract. Imitation learning enables robots to acquire manipulation
skills from demonstrations by mapping observations to actions. Existing
approaches predict either short-horizon continuous action sequences or
discrete keyposes. However, continuous prediction methods suffer from
compounding errors due to short prediction horizons and struggle with
multi-modal action distributions, whereas keypose-based methods ne-
cessitate an external planner, constraining real-time applicability. To
address these challenges, we introduce SegDiff, a closed-loop visuomo-
tor policy that integrates the strengths of both paradigms. SegDiff de-
composes demonstrations into motion segments between keyposes and
learns to predict the continuous trajectory from the current state to
the next keypose, enabling long-horizon prediction with real-time refine-
ment. Furthermore, we leverage the capability of diffusion models and
DDIM inversion to propose a Dynamic Temporal Ensembling mecha-
nism, which allows the policy to efficiently respond to dynamic environ-
ments and mitigate discontinuities caused by inconsistent multi-modal
sampling. SegDiff demonstrates significant performance gains over exist-
ing approaches across various simulated and real-world scenarios, indi-
cating its strong ability to reason over extended temporal dependencies
while maintaining real-time adaptability and control stability.

Keywords: Imitation Learning · Robotic Manipulation · Diffusion Model
· Temporal Ensembling

1 Introduction

Robotic manipulation is a critical skill for intelligent agents, yet developing ro-
bust policies remains challenging due to the complexity of the physical world.
Imitation learning (IL) [2,32,35,36,47], which learns directly from expert demon-
strations, has thus emerged as a powerful and pragmatic paradigm. Offline im-
itation learning (OIL) [1, 2, 7, 27] further improves data efficiency and safety by
learning from fixed expert datasets without costly real-world interaction. Among
OIL approaches, behavior cloning (BC) [2] remains the most fundamental and
widely used paradigm. Traditional BC predicts the immediate action from the
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Fig. 1: Comparison of conventional continuous prediction methods, keypose predic-
tion methods, and SegDiff. SegDiff combines the advantages of both paradigms by
enforcing keypose constraints within continuous trajectory generation via Segmented
Trajectory Modeling, while improving action consistency and real-time responsive-
ness through Dynamic Temporal Ensembling.

current observation, but even small deviations between the predicted and ex-
pert actions caused by perception noise or imperfect policy approximation can
quickly accumulate and drive the robot into out-of-distribution (OOD) states.

Recent approaches [4, 5, 9, 24, 41, 48, 50, 53] extend the prediction horizon by
predicting short action sequences as shown in Fig. 1(a), with some employing
temporal ensembling [5,53] between consecutive predictions to smooth motions.
Although these methods improve short-term consistency, they still suffer from
compounding errors over extended durations. Another major challenge arises
from the multi-modal nature of the action distribution in robotic manipulation
tasks. The same observation can correspond to multiple valid action modes such
as grasping an object from different directions. Averaging across such modes can
yield ambiguous actions and cause unsafe behaviors.

Keypose-based prediction methods [11, 13, 14, 18, 23, 38, 49] mitigate com-
pounding errors by focusing on discrete salient points (i.e., keyposes) and ap-
plying an external planner to generate motions toward the next keypose in an
open-loop manner, as shown in Fig. 1(b). However, this open-loop design limits
the adaptability to dynamic environments and constrains real-time applicability.
While there are approaches that attempt to combine continuous action prediction
and keypose prediction [42, 46, 51], they often rely on complex multi-stage ar-
chitectures that increase inference latency and suffer from error propagation be-
tween modules. Furthermore, they typically struggle to handle the multi-modal
nature of robotic actions, making them susceptible to mode switching and lim-
iting their responsiveness in dynamic scenarios.

To address these challenges, we propose SegDiff, a closed-loop robot manip-
ulation policy that seamlessly integrates the strengths of continuous prediction
and keypose prediction. The core idea is to leverage keyposes as prediction
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anchors and learn continuous motion to reach the next keypose. Specifically,
we formulate the problem as predicting the complete trajectory from the current
state to the next keypose, which we term Segmented Trajectory Modeling
(as shown in Fig. 1(c)). This formulation directs learning toward task-critical
states and alleviates the compounding errors common in continuous prediction.

During inference, SegDiff follows the Receding Horizon Control (RHC) [31]
scheme, executing only the initial portion of each predicted trajectory and stor-
ing the remainder in an action buffer. Benefiting from Segmented Trajectory
Modeling, the buffer and the newly predicted trajectory share the same initial
state and both terminate at the next keypose. This inherent alignment improves
the accuracy of next keypose prediction and enables detection of action mode de-
viations. Leveraging this, SegDiff employs a Dynamic Temporal Ensembling
mechanism using DDIM inversion to validate and refine the action buffer. Out-
dated buffers are discarded and replaced by trajectories generated conditioned
on the latest observation. Conversely, when the buffer remains valid, new tra-
jectories are generated from the latest observation while preserving the original
action mode, which facilitates more effective temporal ensembling with the exist-
ing buffer. This entire design enables SegDiff to adapt to dynamic environments
while ensuring modal consistency across consecutive predictions. In summary,
our contributions are as follows:

1) We propose SegDiff (Segmented Trajectory Diffusion), featuring a novel
Segmented Trajectory Modeling approach that integrates keyposes as pre-
diction anchors. This formulation not only serves as a training objective to guide
the model toward task-critical states, but also acts as a crucial architectural en-
abler, laying the structural foundation for real-time action buffer refinement via
DDIM inversion.

2) Building upon this structural design, we introduce a novel Dynamic
Temporal Ensembling mechanism. By leveraging DDIM inversion, this mech-
anism enables the policy to seamlessly adapt to dynamic environments while
strictly maintaining action mode consistency across consecutive predictions.

3) We demonstrate the superior and robust performance of SegDiff on two
simulated benchmarks and five challenging real-world manipulation tasks, show-
ing that SegDiff consistently outperforms existing advanced approaches.

2 Related Work

Keypose-Based Manipulation. Keypose-based policies reformulate the robotic
manipulation task into predicting the next end-effector pose. Early methods [18,
20, 38] relied on pixel-level or voxel-level representations to locate the keypose,
but incurred high computational cost and lacked real-time performance. Sub-
sequent methods [6, 11–13, 23, 49] adopt representations such as neural fields or
point clouds for improved spatial precision, yet still depend on external plan-
ners [21, 22, 25, 26] and struggle in dynamic environments. ChainedDiffuser [44]
utilizes a diffusion model to generate intermediate trajectories, but its two-stage
inference pipeline limits real-time adaptability. In contrast, our method predicts
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the complete trajectory from the current pose to the next keypose at every infer-
ence step, enabling real-time adaptation while preserving the keypose constraint.
Continuous Action Prediction. Continuous prediction methods [4, 9, 17, 24,
28, 29, 33, 41, 45, 50, 53] operate under a sliding-window paradigm, predicting
short-horizon action sequences at each step while paying limited attention to
task-critical states, which makes them prone to compounding errors. Waypoint-
based and stage-conditioned methods [3, 37, 40, 42, 46, 51] partially address this
issue, but require extra annotations or incur multi-stage inference overhead.
In contrast, our approach segments demonstrations using keyposes and pre-
dicts continuous trajectories toward the next keypose within a single end-to-end
model.
Action Consistency and Temporal Ensembling. Temporal ensembling im-
proves the smoothness of continuous predictions by aggregating outputs over
time; however, abrupt mode switches can still produce unsafe actions. Recent
approaches address this issue by adjusting denoising schedules [8, 10, 16] or in-
corporating optimization for consistency [5]. However, these methods typically
assume that previous predictions remain reliable, which may not hold in dy-
namic environments. SegDiff addresses this challenge with Dynamic Temporal
Ensembling, which leverages DDIM inversion to explicitly validate and refine the
action buffer in real time, improving both mode consistency and responsiveness.

3 Method

3.1 Preliminaries

Offline Imitation Learning. We focus on offline imitation learning (OIL),
where the objective is to learn a visuomotor policy solely from expert demon-
strations without interaction with the environment. In this setting, the demon-
stration dataset is denoted as D = {(ot, st, at)}Nt=1, where ot represents the visual
observation (e.g ., RGB image) at time step t, st denotes the robot state (e.g .,
end-effector pose), and at is the expert action. The policy πθ(at|ot, st) is typically
trained with the objective:

LBC = E(ot,st,at)∼D
[
∥at − πθ(ot, st)∥2

]
. (1)

OIL methods can be broadly categorized into continuous prediction and keypose
prediction. Continuous prediction methods replace the target at with a future
action sequence at:t+L, improving long-horizon reasoning. During inference, they
typically follow the Receding Horizon Control (RHC) scheme [31], executing part
of the predicted sequence and re-planning with new observations. This setup
naturally supports temporal ensembling [53], where the unexecuted portion of
the previous sequence is blended with the latest prediction for more accurate
and smoother actions. A representative approach is Diffusion Policy (DP) [9],
which models the conditional distribution of continuous action sequences using
a diffusion process [15]. Its training objective is formulated as:

LDP = Ea0
t:t+l, ϵ, k

[
∥ϵ− ϵθ(a

k
t:t+l, k, ot−h:t, st)∥2

]
, (2)
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Fig. 2: Overview of SegDiff. During training, demonstration episodes are segmented
by keyposes, and the model learns to predict the complete trajectory from the cur-
rent state to the next keypose (Segmented Trajectory Modeling). During infer-
ence, DDIM inversion [39] generates a prior-informed candidate, allowing Dynamic
Temporal Ensembling (DTE) to produce a trajectory that adapts to the current
observation while maintaining temporal consistency for execution and buffer update.

where k denotes the diffusion step, l is the length of the predicted action se-
quence, and h indicates the number of historical observations used.

Keypose prediction methods [12,13,18,23,38,49], by contrast, replace at with
the next keypose (e.g ., grasp pose), focusing on the most salient points within
a trajectory while omitting intermediate motions.
DDIM Inversion. To enable prior-informed trajectory refinement within the
diffusion policy framework, we employ DDIM [39], which provides a determinis-
tic formulation of diffusion models that permits inversion of the sampling pro-
cess. The deterministic form of DDIM [39] modifies the sampling process in
DDPM [15] to:

xt−1=
√
ᾱt−1

(
xt−

√
1−ᾱt ϵθ(xt,t)√

ᾱt

)
+
√
1− ᾱt−1 ϵθ(xt, t) (3)

This deterministic process enables DDIM inversion, which maps a data point
x0 to its corresponding noise vector xK for prior-informed sampling and condi-
tional generation.

3.2 Segmented Trajectory Modeling

As discussed in Sec. 3.1, continuous prediction models generate smooth actions
but suffer from compounding errors inherent to their sliding-window paradigm.
In contrast, keypose-based methods focus on the most important states in a
demonstration (keyposes), making them particularly suitable for precise manip-
ulation tasks; however, their open-loop nature requires external planners and
prevents real-time adaptation. While approaches such as ChainedDiffuser [44]
attempt to model intermediate paths, they remain limited in dynamic scenarios.
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To bridge these paradigms, we introduce Segmented Trajectory Mod-
eling (STM). By using keyposes as prediction anchors, SegDiff mitigates com-
pounding errors (see the supplementary material for a formal derivation) while
maintaining a closed-loop control paradigm. Specifically, instead of predicting
isolated keyposes or fixed-horizon action sequences, the model is trained to pre-
dict a continuous trajectory that originates from an arbitrary timestep t and
terminates at the subsequent keypose. We follow PerAct [38] to extract keyposes
from expert demonstrations in which a keypose is defined as where the gripper
state changes (i.e., opening or closing) or the velocity of the end-effector ap-
proaches zero. We denote a specific human expert demonstration trajectory as
{a1, a2, . . . , aT }, and extracted keyposes as {ak1

, ak2
, . . . , akn

}. To ensure com-
plete coverage of the entire trajectory, the last action aT is included in the key-
pose sequence (akn

= aT ), and we define ak0
= a1. The trajectory can then be

segmented into multiple sub-trajectories based on these keyposes. Each sample
in the training dataset is therefore represented as:

{(ot−h:t, st, at:km) | km−1 ≤ t < km}, (4)

where 1 ≤ m ≤ n, and h denotes the duration of the observation history. In this
way, we obtain demonstration sub-segments starting from an arbitrary timestep
t and ending at the subsequent keypose akm

. Utilizing these sub-segments as
training samples ensures that our model focuses on the keyposes of the demon-
strations while simultaneously retaining an understanding of the intermediate
motion process to support continuous action prediction.

We use a diffusion model to learn the conditional distribution of these sub-
segments. Because each sub-segment has a variable length km− t, we interpolate
all trajectories to a fixed length L, using cubic spline interpolation for translation
and spherical linear interpolation for rotation. The training objective for the
diffusion policy then becomes:

LSegDiff = Eat:km , ϵ, k

[
∥ϵ− ϵθ(ã

k
(t,km), k, ot−h:t, st)∥2

]
, (5)

where ã(t,km) is the sub-segment of fixed length L obtained by interpolating the
ground-truth sub-segment at:km

, and k denotes the diffusion timestep sampled
uniformly from {1, 2, . . . ,K}.

3.3 Dynamic Temporal Ensembling for Inference

During inference, SegDiff follows the RHC scheme (Sec. 3.1). At step t, the policy
predicts a trajectory τt = {at, . . . , at+L−1}, executing only the first nexec actions
while storing the remainder in an action buffer bt for temporal ensembling with
later predictions. However, naive reuse of the action buffer introduces two chal-
lenges. First, due to the multi-modality in action distributions (Fig. 3(a)), newly
predicted trajectories may belong to different modes, and directly switching be-
tween modes can lead to unsafe behavior (Fig. 4, left). Second, if environmental
changes invalidate the action buffer, averaging the invalid buffer with the latest
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Fig. 3: Comparison between sampling from noise inverted from action buffer and from
random noise. If there exists a large gap between action buffer and the action sampled
from the inverted noise, we discard the action buffer as unusable.

prediction may cause the robot to respond too slowly to environmental changes
and even enter out-of-distribution states, potentially resulting in task failure.

To address these challenges, we propose Dynamic Temporal Ensembling
(DTE), a mechanism that leverages DDIM inversion to validate and refine the
action buffer in real time. Unlike standard temporal ensembling which operates
on a sliding window with shifting horizons, SegDiff instead anchors trajectory
prediction to the next keypose (Sec. 3.2). Consequently, the action buffer bt
and the newly predicted trajectory τt+1 share the same starting point and both
terminate at the next keypose. This alignment facilitates more accurate keypose
refinement as the keypose is repeatedly predicted before execution and provides
the basis for using DDIM inversion to assess buffer consistency.

At each inference step t, we generate two candidates: (1) a standard pre-
diction τrand sampled from Gaussian noise, representing the most responsive
prediction; and (2) a prior-informed prediction τprior, obtained by first per-
forming DDIM inversion on the action buffer bt to acquire a noise vector ϵprior,
and then denoising from ϵprior conditioned on the new observation. As illustrated
in Fig. 3(a), if the action buffer is valid, denoising from the DDIM-inverted noise
ϵprior (red sampling path) under the current observation yields a trajectory that
remains consistent with the action mode of the buffer. Conversely, if the action
buffer is no longer feasible under the updated observation, sampling from the in-
verted noise produces a trajectory that deviates significantly from bt (Fig. 3(b)).

We quantify this mode-level consistency and feasibility using two RMSE-
based metrics. The buffer validity is defined as dvalid = RMSE(bt, τprior),
where a large dvalid indicates that the buffered actions are no longer feasible
under the current observation. The mode discrepancy is defined as dmode =
RMSE(τrand, τprior), where a large dmode indicates that the standard prediction
deviates from the buffered action mode. To determine whether these deviations
are significant, we introduce a threshold δ. The threshold δ is determined in a
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data-driven manner by computing the DDIM inversion reconstruction error on
the training set and selecting the maximum observed RMSE.

Formally, the Dynamic Temporal Ensembling (DTE) mechanism computes
the final action sequence τDTE as:

τDTE =


η · τrand + (1− η) · bt, dvalid ≤ δ and dmode ≤ δ

η · τprior + (1− η) · bt, dvalid ≤ δ and dmode > δ

τrand. dvalid > δ

(6)

Here, η ∈ [0, 1] is an update factor that controls the blending ratio between the
new prediction and the action buffer.

The rule in Eq. 6 operates as follows. When the buffer is valid (dvalid ≤ δ)
and the new prediction remains mode-consistent (dmode ≤ δ), we prioritize τrand
due to its stronger conditioning on the latest observation while blending it with
the buffer. If the buffer is valid but a mode switch is detected (dmode > δ), we
suppress the switch by utilizing τprior to preserve action-mode consistency. In
contrast, when the buffer becomes invalid (dvalid > δ), it is discarded entirely
and τrand is fully adopted to rapidly adapt to environmental changes.

The resulting τDTE is then used for execution and buffer update: the first
nexec actions are executed, and the remaining trajectory is interpolated to length
L to form bt+1. This cycle repeats until the end-effector reaches the target key-
pose within a predefined tolerance δr. Regarding computational efficiency, the
DDIM inversion step count is decoupled from the sampling process, which en-
ables flexible configurations that balance efficiency and precision. For exam-
ple, lightweight inversion can be combined with multi-step sampling to main-
tain trajectory accuracy without significant computational overhead (analyzed
in Sec. 5.4). In addition, the sampling of τrand and τprior can be performed in
parallel, resulting in negligible additional latency.
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4 Experiment

4.1 Simulation Experiments

Benchmarks. We evaluate SegDiff on two simulation benchmarks: RLBench [19]
and RoboMimic [30]. RLBench is built atop CoppeliaSim [34], where a Franka
Panda robot manipulates the scene. We follow the task setup of CoA [51] and
evaluate on both 10 representative tasks and the full RLBench-60 benchmark.
RLBench demonstrations are generated via scripted policies, providing precise
and consistent supervision. Each task contains 100 training episodes and 25
evaluation episodes. RoboMimic is another widely used benchmark for evalu-
ating visuomotor policies. We conduct experiments on three tasks using the PH
dataset, which consists of human expert demonstrations collected via teleopera-
tion. This allows us to evaluate SegDiff on datasets with different characteristics,

Table 1: Success rates (%) on 10 RLBench tasks [19]. Results for ACT, DP, CoA and
Octo are taken from [51] and [52]. We also reproduce the results of DP ourselves and
report them as DP*. The results of SegDiff are averaged over 3 random seeds.

Task ACT [53] DP [9] DP* [9] CoA [51] Octo [52] SegDiff

Sweep Dust 100.0 100.0 100.0 92.0 80.0 100.0±0.0
Push Button 8.0 12.0 24.0 76.0 76.0 90.7±2.3
Stack Wine 56.0 56.0 56.0 80.0 52.0 94.7±2.3
Turn Tap 36.0 32.0 32.0 56.0 28.0 74.7±8.3
Open Drawer 52.0 44.0 52.0 88.0 84.0 97.3±2.3
Pick Up Cup 20.0 0.0 76.0 80.0 44.0 90.7±2.3
Take Lid 40.0 60.0 84.0 80.0 76.0 90.7±2.3
Press Switch 52.0 56.0 28.0 44.0 44.0 68.0±4.0
Reach Target 88.0 8.0 72.0 84.0 60.0 97.3±2.3
Open Box 36.0 48.0 20.0 76.0 96.0 62.7±6.1

Average 48.8 41.6 54.4 75.6 64.4 86.7±1.4
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ranging from scripted demonstrations to human-collected trajectories, highlight-
ing its robustness across diverse data sources.

Baselines. On RLBench, we evaluate our method against four representative vi-
suomotor policies: ACT [53], Diffusion Policy (DP) [9], Chain-of-Action (CoA) [51],
and a fine-tuned Octo policy [52]. Among the baselines, ACT and DP are the
most commonly used baselines in prior work. CoA and the fine-tuned Octo
are among the strongest previously reported methods on this benchmark. On
RoboMimic, we compare our method against DP and AWE [37], where AWE
enhances DP by filtering demonstration trajectories to emphasize critical way-
points. This comparison highlights the effectiveness of Segmented Trajectory
Modeling over existing continuous diffusion-based approaches.
Implementation Details. Following prior work [9], SegDiff utilizes a separate
ResNet18 encoder (not pretrained) for each camera view to process historical
visual observations. The BatchNorm layers in the original ResNet blocks are
replaced by GroupNorm [43], and the final global average pooling is substi-
tuted with spatial softmax pooling [30] to better capture spatial information.
On RLBench, visual observations are captured by four RGB cameras (front, left
shoulder, right shoulder, and wrist) and the images are rendered at a resolution
of 128×128. On RoboMimic, observations are captured by a third-person camera
and a wrist camera with a resolution of 84× 84. Additional details are provided
in the supplementary material.

Quantitative Results. Tab. 1 demonstrates that SegDiff consistently outper-
forms all baselines across 10 RLBench tasks, achieving an 11.1% higher average
success rate and the best performance on 9 tasks. Notably, SegDiff yields over
30% improvement in precision-sensitive tasks (e.g., Turn Tap) and outperforms
Diffusion Policy (DP) by 30% on average, validating the efficacy of Segmented
Trajectory Modeling for high-precision manipulation. Furthermore, as shown in
Fig. 5, SegDiff excels on the full RLBench-60 benchmark, outperforming DP
and CoA by 34% and 9% respectively, demonstrating improved robustness and
generalization. On RoboMimic (Fig. 6), SegDiff exhibits better data efficiency in
low-demo regimes by mitigating compounding errors through keypose-anchored
trajectory modeling, while remaining highly competitive as demonstrations in-
crease. Detailed training configurations, task descriptions, and exhaustive results
are provided in the supplementary material.
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Cube Flip Cup Package  Screw Cap  Banana

Position Generalization 6DoF Dexterity Multi-modality Precise ManipulationDynamic Adaptation

Fig. 7: Demonstrations and design of real-world tasks.

4.2 Real-World Experiments

Real-World Benchmarks. To comprehensively evaluate SegDiff, we design
five real-world manipulation tasks (Fig. 7):

1) Cube: Grasp and place a cube onto a plate. Demonstrations are collected
in a fixed area to evaluate robustness to position generalization.

2) Flip Cup: Grasp, flip, and place an inverted cup. The randomized handle
orientation tests complex 6-DoF manipulation.

3) Package: Place a cardboard into a box. Two distinct sets of demonstra-
tions (grasping from left/right) were provided to evaluate the policy’s ability to
handle multi-modal action distributions.

4) Banana: Pick up a banana. The pose of the banana is actively perturbed
during execution to test real-time adaptation to dynamic scenarios.

5) Screw Cap: Grasp and screw a cap onto a bottle. The initial position of
the cap is randomized to test proficiency in high-precision operations.

Details. Our robotic platform is an xArm7 manipulator equipped with a gripper.
Visual inputs are captured by two Intel RealSense D435i cameras (third-person
and wrist-mounted), with images collected via human teleoperation and resized
to 240× 240. We use the same model architecture as described in Sec. 4.1.

Quantitative Results and Analysis. Real-world comparative results are pre-
sented in Tab. 2, where each task is evaluated with 10 trials. We specifically
include DP (w/ TE) and DP (w/o TE) to illustrate the effect of temporal en-
sembling (TE). Overall, SegDiff achieves performance superior or comparable
to all baselines. Task-level analysis follows:

For Cube (position generalization), SegDiff achieves a performance com-
parable to existing approaches.

For Flip Cup (6-DoF), SegDiff achieves a higher success rate by accurately
planning the motion to the precise grasp pose for the cup handle.

For Package (multi-modality), since DP (w/o TE) does not incorporate
temporal ensembling, the robot may exhibit an initial period of dithering around
the starting position; however, once the policy commits to a specific behavioral
mode (i.e., move to the left side), it can typically continue execution until suc-
cessful completion. DP (w/TE) and ACT often fail due to the oscillation between
different action modalities, leading to OOD states. SegDiff with Dynamic Tem-
poral Ensembling prevents modality switching, achieving a success rate of 100%.
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Fig. 8: Learning curves of SegDiff and Diffusion Policy across 4 tasks on RLBench.

For Banana (dynamic adaptation), DP (w/TE) and ACT are negatively
influenced by the outdated action buffer. The short prediction horizon of DP
(w/o TE) limits its ability to react promptly. SegDiff recovers faster and exe-
cutes correct actions due to its long-horizon planning and its ability to promptly
discard the unusable action buffer.

For Screw Cap (precise manipulation), SegDiff is the only method that
achieves partial success, indicating its advantage in precise manipulation.

The real-world experiments confirm the effectiveness and manipulation ca-
pabilities of SegDiff in the physical world. Additional qualitative visualizations
of full task executions are provided in the supplementary material.

Table 2: Success rates on real-world tasks.

Task DP
(w/ TE)

DP
(w/o TE) ACT SegDiff

Cube 0.7 0.6 0.7 0.8
Flip Cup 0.2 0.6 0.3 0.9
Package 0.4 0.8 0.8 1.0
Banana 0.2 0.4 0.4 0.9
Screw Cap 0.0 0.0 0.0 0.6

Table 3: Ablation on DTE mechanism.

Task RAND INV DTE

RLBench 0.880 0.800 0.860
Cube 0.8 0.7 0.8
Flip Cup 0.9 0.7 0.9
Package 0.8 1.0 1.0
Banana 0.5 0.3 0.9
Screw Cap 0.3 0.5 0.6

5 Ablation Study and Discussion

5.1 Segmented Trajectory Modeling

A core component of SegDiff is Segmented Trajectory Modeling. We use
Diffusion Policy (DP) as the baseline, which corresponds to a version without
Segmented Trajectory Modeling. For fair comparison, both models employ only
the basic temporal ensembling, with the Dynamic Temporal Ensembling mech-
anism disabled. Fig. 8 shows learning curves on four selected RLBench tasks,
demonstrating that Segmented Trajectory Modeling accelerates convergence and
achieves higher performance with fewer training steps.
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5.2 Dynamic Temporal Ensembling

We conduct ablation experiments on the Dynamic Temporal Ensembling
(DTE) mechanism by comparing three strategies:

1) RAND: Actions are sampled from random Gaussian noise and executed
using vanilla temporal ensembling.

2) INV: Random sampling is used only when no action buffer is available
(segment start); afterward, predictions are initialized from the inverted noise.

3) DTE: The complete DTE mechanism is applied.
We use the average success rate on 10 RLBench tasks as the primary metric

for simulation. As shown in Tab. 3, the DTE mechanism yields no performance
improvement in the simulation environment. This is expected, as simulation en-
vironments are generally perturbation-free and exhibit highly monomodal tra-
jectories. In contrast, DTE demonstrates significant advantages in the real-world
setting. Specifically, DTE substantially boosts the success rate in the dynami-
cally perturbed Banana task. For the Package task, which features multi-modal
trajectories, DDIM inversion allows both the DTE and INV modes to perform
markedly better than RAND. The performance difference between DTE and
RAND is marginal for the remaining tasks with relatively fixed trajectory pat-
terns. Crucially, both simulation and real-world results indicate that, in simpler
tasks with deterministic trajectories, the INV mode negatively impacts perfor-
mance. This finding aligns with our theoretical analysis in Sec. 3.3, as the action
sampled from inverted noise is potentially influenced by observation from earlier
timesteps, consequently reducing the policy’s real-time adaptiveness.

5.3 Hyperparameter Sensitivity

We also conduct several additional experiments on RLBench to analyze the
sensitivity of key hyperparameters. The results are computed using the average
success rate across 10 RLBench tasks.

For the trajectory interpolation length (L) used in Segmented Trajectory
Modeling, the left panel of Fig. 9 shows that the success rate peaks at L =
25. SegDiff consistently outperforms other methods across different values of L,
demonstrating the robustness of our proposed approach.

The update factor (η) is another significant parameter controlling the blend-
ing ratio between the action buffer and the new prediction. As shown in the
right panel of Fig. 9, when η = 0, SegDiff executes the entire predicted trajec-
tory from the current state to the keypose at once (i.e., no receding horizon
update). Learning this highly constrained, long-horizon trajectory using a stan-
dard diffusion model proves challenging, leading to a noticeable drop in success
rate. However, because the prediction still focuses on the critical keypose, its
performance remains superior to that of the baseline DP. Conversely, η = 1
corresponds to discarding the action buffer entirely and relying solely on the
latest prediction for execution. This also results in degraded performance, as it
loses the smoothing and consistency benefits of temporal ensembling. The per-
formance degradation observed at both η = 0 and η = 1 further validates the
necessity and efficacy of our Dynamic Temporal Ensembling mechanism.
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Fig. 9: Results on different interpolation length (L) and update factor (η).

We also evaluate the sensitivity of the Dynamic Temporal Ensembling (DTE)
mechanism to the choice of threshold δ used for judging whether two trajectories
belong to the same mode. Specifically, we compute δ using three different statis-
tics over the training set: the maximum RMSE (max), the 99% percentile (p99),
and the 95% percentile (p95) of the RMSEs of all training samples. The results,
reported in Tab. 4, show that DTE is relatively robust to threshold selection.

Table 4: Results of different
threshold (δ) for DTE.

δ max p99 p95

Success Rate 0.860 0.836 0.852

Table 5: Results of DTE under different sampling
and inversion steps. SS: Sampling Steps, IS: Inver-
sion Steps, SR: Success Rate, IT: Inference Time.

SS=50/IS=50 SS=50/IS=10 SS=10/IS=10

SR 0.860 0.860 0.808
IT(ms) 595.74 380.21 121.95

5.4 Efficiency Analysis

As discussed in Sec. 3.3, the number of DDIM inversion steps in DTE is de-
coupled from the number of sampling steps. Tab. 5 reports the success rate and
inference time under different inversion and sampling settings on a single RTX
A6000 GPU, indicating that the inversion process is flexible and incurs only
minor computational overhead.

Table 6: Efficiency analysis on a real robot system.

Method Interp. (ms) Inversion (ms) Sample (ms) Control (ms) Others (ms) Total (ms) Mem (GB)

DP – – 121.74 407.98 92.45 622.17 1.07
SegDiff 0.52 21.98 125.92 408.83 98.57 655.83 1.07
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Furthermore, we evaluate the runtime efficiency of SegDiff on a real robot sys-
tem, utilizing 10 steps for DDIM inversion and 50 steps for sampling (Tab. 6).
Compared to the standard Diffusion Policy (DP), SegDiff increases the total
latency by approximately 33.7 ms (∼5.4%). Specifically, the trajectory interpo-
lation and DDIM inversion together introduce an overhead of 22.5 ms per control
cycle. The remaining latency arises from the data organization and processing
required to sample τrand and τprior in parallel. These results demonstrate that
SegDiff achieves significantly improved robustness with negligible computational
cost, maintaining the real-time responsiveness necessary for high-frequency robot
deployment.

6 Conclusion

In this paper, we presented SegDiff, a novel framework for robotic manipulation
that bridges continuous action prediction and keypose-level constraints via Seg-
mented Trajectory Modeling. By predicting trajectories anchored to the next
keypose, SegDiff effectively guides learning toward task-critical regions and al-
leviates compounding errors. Furthermore, we introduced the Dynamic Tem-
poral Ensembling mechanism, which leverages DDIM inversion to validate and
refine the action buffer in real time, ensuring action mode consistency and en-
hancing responsiveness to dynamic environments. Extensive experiments across
diverse manipulation tasks demonstrate the superior performance of SegDiff in
both simulation and real-world scenarios. These results highlight the effective-
ness of integrating keypose-aware trajectory modeling with dynamic temporal
ensembling for generalizable and reliable robotic policy learning. The primary
limitation stems from the dependency on pre-defined keyposes for segmenting
demonstrations; incorporating automated or self-supervised keypose discovery
would therefore be a promising direction for future research.
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