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Abstract

Language-conditioned robotic manipulation in unstructured
environments presents significant challenges for intelligent
robotic systems. However, due to partial observation or im-
precise action prediction, failure may be unavoidable for
learned policies. Moreover, operational failures can lead to
the robotic arm entering an untrained state, potentially caus-
ing destructive results. Consequently, the ability to detect
and self-correct failures is crucial for the development of
practical robotic systems. To address this challenge, we pro-
pose a foresight-driven failure detection and self-correction
module for robot manipulation. By leveraging 3D Gaussian
Splatting, we represent the current scene with multiple Gaus-
sians. Subsequently, we train a prediction network to forecast
the Gaussian representation of future scenes conditioned on
planned actions. Failure is detected when the predicted fu-
ture significantly deviates from the real observation after ac-
tion execution. In such cases, the end-effector rolls back to
the previous action to avoid an untrained state. Integrating
this approach with the PerAct framework, we develop a self-
correcting robot manipulation policy. Evaluations on ten RL-
Bench tasks with 166 variations demonstrate the superior per-
formance of the proposed method, which outperforms state-
of-the-art methods by 12.0% success rate on average.

Introduction
The development of autonomous agents for language-
conditioned manipulation tasks (Shridhar, Manuelli, and
Fox 2022; Lu et al. 2025) has been a long-standing ob-
jective in the field of intelligent robotics. These tasks are
becoming increasingly challenging, with growing expecta-
tions for robots to perform long-horizon tasks in dynamic
and unstructured environments. Due to potential occlusions,
environmental disturbances, and control inaccuracies, fail-
ures are inevitable. Exacerbating this issue is the fact that, in
many cases, while the failed action itself may not be destruc-
tive, it can lead to catastrophic results if the robot contin-
ues to operate under the assumption that the previous action
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Figure 1: Illustration of the proposed self-correcting policy.

was successful. Moreover, since existing policies are typi-
cally learned from successful expert trajectories, they may
fall into an untrained state after failures, potentially leading
to further undesirable outcomes. Therefore, it is crucial to
develop robust methods for failure detection and recovery.

Addressing the challenge of execution-level failure detec-
tion and self-correction, in this paper, we present a foresight-
driven self-correction scheme for robot manipulation. The
proposed method is predicated on a concise definition of
failure: a discrepancy between the robot’s actions and ex-
pected outcomes. Specifically, in the context of vision-based
manipulation, we define failure as an inconsistency between
the post-execution observation and the predicted visual out-
come. To represent and predict future observations, we adopt
the Gaussian Splatting model as a representation and de-
velop a prediction network that outputs the transformation
of the Gaussian distribution conditioned on a given action to
predict the Gaussian model of the future scene. The reasons
for using the Gaussian Splatting model are threefold: firstly,
compared to 2D representations, the 3D Gaussian model in-
cludes three-dimensional geometric information, which can
better simulate actions in 3D space for prediction. Secondly,
compared to implicit representations, such as NeRF, the
Gaussian Splatting method uses an explicit representation,
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allowing the predicted transformation to be directly applied
to it. Lastly, a recent method (Lu et al. 2025) learns a dy-
namic Gaussian Splatting model for semantic features for
robot manipulation, further demonstrating the potential of
using the Gaussian Splatting model for scene prediction.
Based on the predicted Gaussian-splatted foresight, a failure
detection and self-correction scheme is developed: a failure
is detected when an obvious inconsistency between the pre-
dicted Gaussian model and the post-execution scene is ob-
served, and the robot then rolls back to the previous step
with perturbation for self-correction. As depicted in Fig. 1,
following the broom’s sweeping action, if subsequent obser-
vations indicate that the trash remains unswept, shown by
the red box in the second column of images, the robotic arm
reverts to its initial execution position to replan its action. In
summary, the main contributions of this work are as follows

1. We develop a self-correcting scheme for robot manipu-
lation, which includes a Gaussian splatting model as the
current and future scene representation, and a prediction
network to transform the current Gaussian model into the
future one. By incorporating the inconsistency estima-
tion and roll-back operation, we propose a self-correction
scheme that can be applied to other existing language-
conditioned robot manipulation methods.

2. By incorporating the proposed self-correction scheme
with the PerAct pipeline, we develop a self-correcting
policy for robot manipulation, which is capable of fail-
ure detection and recovery. An evaluation through exten-
sive experiments involving 10 tasks with 166 variations
demonstrates that our method surpasses the state-of-the-
art by achieving a 12.0% higher success rate.

Related Works
Vision-language-action model
Conventional robot manipulation policies based on rein-
forcement learning mostly concentrate on a single task and
a restricted set of tasks, typically within controlled environ-
ments. Recent advancements in multi-task robotic manip-
ulation are making significant improvements in performing
complex tasks and adapting to new scenarios. One of the cor-
nerstones is the so-called Vision-Language-Action (VLAs)
models, which handle multi-model inputs of vision and lan-
guage and output robot actions to complete embodied tasks.
The variety among the VLA models lies in the selection of
the visual and language encoders, and fusion strategy. CLI-
Port (Shridhar, Manuelli, and Fox 2022) uses CLIP’s vision
encoder and the Transporter for vision encoder, where the
former extracts the semantic information while the latter ex-
tracts spatial information. The CLIP language encoder also
is used to encode the language instruction and guide the out-
put action. BC-Z (Jang et al. 2022) uses the USE language
encoder (Yang et al. 2020) and ResNet18 image encoder (He
et al. 2016). Besides, a human demonstration video is also
accepted as instruction, with ResNet18 as the image en-
coder. The instruction embedding and the image embedding
are combined through the FiLM layer (Perez et al. 2018),
culminating in the generation of actions. RT-1 (Brohan et al.

2023) shares similarities with BC-Z but uses a vision en-
coder based on the more efficient EfficientNet (Tan and Le
2019). Additionally, RT-1 replaces the MLP action decoder
in BC-Z with a Transformer decoder, producing discretized
actions. Q-Transformer (Chebotar et al. 2023) extends RT-
1 (Brohan et al. 2023) by introducing autoregressive Q-
functions. In contrast to RT-1, which learns expert trajec-
tories through imitation learning, Q-Transformer adopts Q-
learning method. Multi-view perception is also considered
in VLA models. Hiveformer (Guhur et al. 2023a) maintains
the full observation history for a language-conditioned pol-
icy. Perceiver-Actor (Shridhar, Manuelli, and Fox 2023a)
feeds the input to the model comprising voxel maps recon-
structed from RGB-D images, while the output corresponds
to the best voxel for guiding the gripper’s movement.

Large language model (LLM) is also considered for VLA
models. RT-2 (Zitkovich et al. 2023) endeavors to harness
the capabilities of large multi-modal models in robotics
tasks, drawing inspiration from models like PaLI-X (Chen
et al. 2023) and PaLM-E (Driess et al. 2023), followed
by which, RT-X (Vuong et al. 2023) re-trained the VLA
model using the newly introduced open-source large dataset,
named Open X-Embodiment (OXE), which is orders of
magnitude larger than previous datasets. RT-Trajectory (Gu
et al. 2023) adopts trajectory sketches as policy conditions
instead of relying on language conditions or goal condi-
tions. RoboFlamingo (Li et al. 2023) adapts the existing
VLM, Flamingo (Alayrac et al. 2022), to a robot policy by
attaching an LSTM-based policy head to the VLM. Vox-
Poser (Huang et al. 2023) employs LLM and VLM to create
two 3D voxel maps that represent affordance and constraint.
LLM translates language instructions into executable code,
invoking VLM to obtain object coordinates. Based on the
composed affordance and constraint maps, VoxPoser em-
ploys model predictive control to generate a feasible tra-
jectory for the robot arm’s end-effector. Octo (Team et al.
2024) introduces a transformer-based diffusion policy char-
acterized by an open-framework design, allowing for flexi-
ble connections from different task definition encoders, ob-
servation encoders, and action decoders to the Octo Trans-
former. Note that these methods rely on the self-collected
and public dataset with a large number of trajectories. How-
ever, action after a mistake is usually not included in the col-
lected trajectories, preventing the learned policy from acting
correctly when a mistake is made.

Visual representation for robot manipulation
The visual representation is one of the keys for vision-
based manipulation. The most direct method is to capture
the current view using RGB or RGB-D camera (Shridhar,
Manuelli, and Fox 2022; Jang et al. 2022). However, the
perception with only a single view unavoidably suffers from
the occlusion problem and raises the challenge of recogniz-
ing the target. To address this problem, RVT (Goyal et al.
2023) captures multi-view images and encodes them with a
view transform for visual representation. RT-1 (Brohan et al.
2023) uses a current-history video as input, which also pro-
vides multi-view information. InstructRL (Hu and Sadigh
2023) and Hiveformer (Guhur et al. 2023a) directly passed
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2D visual tokens through a multi-modal transformer to de-
code gripper actions but struggled to handle complex ma-
nipulation tasks due to the lack of geometric understanding.
However, they still struggle to handle complex manipula-
tion tasks due to the lack of geometric understanding. To
incorporate 3D information beyond images, PerAct trans-
forms the input into voxel maps reconstructed from RGB-D
images, while the output corresponds to the best voxel for
guiding the gripper’s movement. Similarly, ACT3D maps
2D features into 3D voxels and fed the voxel tokens into
a PerceiverIO-based transformer policy, demonstrating im-
pressive performance in a variety of manipulation tasks.

However, perceptive methods heavily rely on seamless
camera overlay for comprehensive 3D understanding, which
makes them less effective in unstructured environments. To
address this issue, the reconstructive methods have gained
attention recently. Li et al. (Li et al. 2022) combined NeRF
and time contrastive learning to embed 3D geometry and
learn fluid dynamics within an autoencoder framework. GN-
Factor (Ze et al. 2023) optimized a generalizable NeRF with
a reconstruction loss besides behavior cloning and showed
effective improvement in both simulated and real scenarios.
Aiming at faster reconstruction and perception, 3D Gaus-
sian Splatting (3DGS) is also considered (Lu et al. 2025)
for visual representation, which relates the semantic features
with 3D Gaussian and fed them into action decoder. It is im-
portant to note that though both methods involve dynamic
Gaussian Splatting, key differences exist between the pro-
posed method and the method presented by Lu et al. Lu et
al.’s method uses dynamic Gaussian Splatting to generate
semantic features and feeds them into the PercevieIO mod-
ule, while the proposed method uses the Gaussian model
to generate a future scene for comparison and failure de-
tection. Additionally, Lu et al.’s method is not capable of
self-correction, while our proposed method includes fail-
ure detection and self-correction, which can be incorporated
with other existing language-conditioned robot manipula-
tion methods.

Self-correction for robotic manipulation
Early investigations into self-correction techniques within
the domain of robotic manipulation predominantly concen-
trated on robot navigation (Carsten, Ferguson, and Stentz
2006; Connell and La 2017). In scenarios where environ-
mental changes or unforeseen obstacles arise during loco-
motion, it is imperative for robots to dynamically mod-
ify their pre-determined trajectories. Adaptive path genera-
tion is crucial to maintaining unimpeded progression toward
their designated objectives despite potential disruptions. Re-
cent advancements in self-correction for robotic manipula-
tion (Li et al. 2024; Lin et al. 2024; Skreta et al. 2024; Luo
2024) have been significantly driven by the superior rea-
soning capabilities of multimodal large models. Skreta et
al. (Skreta et al. 2024) utilizes post-action visual inputs and
textual instructions processed by a multimodal large model
to evaluate whether the current state aligns with the tar-
get objectives. If the goals are unmet, the system initiates
a replanning process. These technologies generally necessi-
tate little to no fine-tuning to attain effective performance,

predominantly leveraging the inherent inferential capabili-
ties of open-source large models. However, they are opti-
mally suited for straightforward tasks or actions, potentially
exhibiting reduced efficacy when applied to specialized or
complex tasks. Replandiffuser (Zhou et al. 2024) introduced
a probabilistic model based on diffusion models, utilizing
historical sequence data to determine the probability of re-
planning action sequences at each time step. The training
of diffusion models requires a substantial amount of expert
trajectories and is limited to single-task robotic manipula-
tion. In this paper, we propose a novel approach to ascertain
the necessity of replanning by predicting the environmental
structural information of future keyframes, thereby assess-
ing the attainment of objectives for subsequent keyframes.

Approach
To address the challenge of self-correcting robot ma-
nipulation, we propose a foresight-driven self-correction
mechanism that leverages predictive modeling of the fu-
ture state using a Gaussian representation. Leveraging this
self-correction scheme, we develop and implement a self-
correcting robot manipulation framework. This section de-
lineates the foresight-driven self-correction approach, fol-
lowed by a detailed exposition of the self-correcting robot
manipulation framework architecture.

Foresight-driven self-correction
When action execution fails, existing methods often lack
the capability for self-correction to complete the task and
may even enter ‘untrained states’, which poses significant
destructive results. To mitigate this issue, we propose a
foresight-driven self-correction scheme, where a foresight
with Gaussian splatting-based representation is adopted for
failure detection. See Fig. 2 for an illustration.

Current scene estimation Given the observation of the
current scene, we first infer a Gaussian-splatted scene rep-
resentation, so that we can predict the future scene by ma-
nipulating the Gassuain model. Let o denote the current ob-
servation and z = fsem(o) denote its latent feature extracted
by some feature extractor ϕ(·). We leverage a learnable re-
gressor freg to infer the Gaussian distribution of geometric
and semantic features. Then, the current scene can be repre-
sented by a N estimated Gaussian primitives Ω = {gi}Ni=1
and, gi = (µi,Σi, ci, αi,hi), where µi,Σi represent the
position and variance of the Gaussian primitive, ci denotes
the color, αi denotes the opacity and hi denotes the corre-
sponding semantic feature. The Gaussian representation Ω
is estimated by the regression function freg conditioned on
the given feature as

Ω = freg(z; θreg). (1)

During the training process, we acquire multi-view im-
ages {Ij

m}Mm=1 from the simulation. To ensure optimal rep-
resentation of the current scene, we enhance the similarity
between the re-rendered view for Ω and observed view im-
ages. For each m-th view, the pixel value of the pth pixel is

26644



Figure 2: Illustration of the proposed foresight-driven self-correction module.

estimated using α-blending as follows:

Ĩm(p) =
N∑
i=1

ωici
∏
j=1

(1− ωj), (2)

where ωi = αie
− 1

2 (p−µi,m)Σ−1
i,m(p−µi,m),

where µi,m and Σi,m represent the position and variance of
the i-th Gaussian projected on the m-th view, respectively.
To further enhance the similarity between the re-rendered
feature maps and the features of simulated views, the splat-
ting process is also applied to semantic features as follows:

H̃m(p) =
N∑
i=1

ωihi

∏
j=1

(1− ωj), (3)

where H̃m(p) denotes the pth feature vectore of the feature
map H̃m. Then, the loss is estimated as

ℓcur =
M∑

m=1

||Ĩm− Im||2F +λsem

M∑
m=1

(1− cos(H̃m, ψ(Im)),

(4)
where the first term denotes the color loss, the second term
denotes the semantic loss, with λsem serving to balance the
weights. In our implementation, we employ the feature ex-
tractor from Stable Diffusion (Rombach et al. 2022) as ψ(·).
Future scene prediction In robotic manipulation, all
objects are treated as rigid bodies with intrinsic properties
such as color, scale, opacity, and semantic features. Con-
sequently, the future state of a scene can be viewed as the
physical transformation of the current scene. To predict the
future scene, we develop a prediction network conditioned
on the given action a as

(∆ri,∆µi) = fpredict(gi,a; θpredict), (5)

for i = 1, · · · , N . Then, the ith new Gaussian is estimated
as

µ+
i = µi +∆µi, and r+i = ri +∆ri. (6)

Then the ith Gaussian of the predicted scene is estimated as
g+
i = (µ+

i , ri ◦ Σi, ci, αi,fi), where r ◦ Σi denotes the
new variation after the rotation ri. In the implementation,

Algorithm 1: Self-correction Algorithm

1: Initialize Previous action a−,
2: Pre-execution observation o, p, q,
3: Feature extraction z ← fsem(o),
4: Action generation a← faction(z, q,p)
5: Action execution and Post-execution observation:
6: Execute a
7: Observe o+

8: Estimate point cloud from observation: P+ ← o+

9: Foresight prediction
10: Estimate current Gaussians Ω← fcur(o,a)
11: Predict future Gaussians Ω+ ← fpre(Ω,a)

12: Predict point cloud from Gaussians: P̃ ← Ω+

13: Failure deteaction and Self-correction
14: Estimate distance d← (P̃,P+)
15: if d>τ then
16: execute a− + ϵ
17: end if

the rotation ris are represented as quaternion for estimation
and transformed into a rotation matrix for operation.

Similarly, we can also capture the multi-view images
{I+m}Mm=1 from the simulation for the post-execution scene.
Let Ω+ = {g+

i }Ni=1 denote the predicted Gaussians, we
can also calculate re-rendered image Ĩ+ms by substituting Ω+

into (2). We define the loss on the re-rendered foresight and
post-execution observation as

ℓpre =
M∑

m=1

||Ĩ+m − I+m||2F + λpD({µ+
i }

N
i=1,Pgt), (7)

which guides the prediction network. During training, we
also employ Chamfer distance with the ground-truth point
cloud Pgt to optimize the position of the Gaussians.
Failure detection and self-correction Given the pre-
dicted Gaussian representation Ω+, we can detect the ac-
tion failure by comparing the predicted scene and the real
post-execution observation. Once the observation is not con-
sistent with the predicted scene, it can be viewed as a fail-
ure. In implementation, we use the Chamfer distance of the
Gaussian and the observed point cloud as the measure of the
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Figure 3: Illustration of the self-correcting robot manipula-
tion framework.

consistency between the prediction and observation, which
is defined as

d = D({µ+
i }

N
i=1,P), (8)

where µ+ represents the position of the predicted Gaus-
sians, P denotes the observed point cloud, derived from the
captured depth image, and D represents the Chamfer dis-
tance. It is noteworthy that we evaluate the similarity be-
tween point clouds rather than the similarity between ren-
dered RGB views, as the geometric structure exhibits greater
stability than RGB views, which are often affected by light-
ing conditions. Moreover, accurate RGB view reconstruc-
tion necessitates more precise Gaussian estimates, imposing
a greater challenge on the regressor and predictor.

If the distance d exceeds a predefined threshold τ , it in-
dicates that there may be significant errors in the action ex-
ecution. Let a− denote the previous state. Once a failure
is detected, the robot is forced to roll back to the previous
state, as (a− + ϵ). A small Gaussian perturbation is added to
prevent the model from reverting to the same state. See also
Alg. 1 for the pseudocode.

Forsight-driven self-correcting manipulation
With the Gaussian splatting-based Self-Correction scheme,
we built a self-correcting robot manipulation method upon
the PerAct framework (Shridhar, Manuelli, and Fox 2023b).
See Fig. 3 for an illustration. Given the current observation
o = (I,D), including the RGB image I and the depth im-
age D, the semantic feature Z is estimated as

z = fsem(o; θsem). (9)

In our implementation, we employ a multi-scale voxel
map to facilitate feature extraction. Then, the action is pre-
dicted by a transformer conditioned on the z, the instruction
q and the state of the end-effector p

a = faction(z, q,p). (10)

For a comprehensive description of the robot manipulation
backbone, including the feature extractor fsem and action
generator faction, please refer to the supplementary materi-
als. We implement a two-phase scheme for training. Dur-
ing the first phase, we train the robot manipulation frame-
work excluding the self-correction module. n our implemen-
tation, the action a is defined as (apos,aangle,agrip,acoll), en-
compassing position, angle, gripper openness, and collision

avoidance. Then, the first phase optimizes the cross-entropy
loss like a classifier:

ℓaction =− Eypos [log σ(apos)]− Eyangle [log σ(aangle)]

− Eygrip [log σ(agrip)]− Eycoll [log σ(acoll)],

where σ(·) is the softmax function and ypos, yangle, ygrip, ycoll
denote is the ground-truth one-host encoding. Then, in the
second phase, the robot manipulation framework is trained
together with the self-correction module, with a total loss as

ℓtotal = ℓaction + λcurℓcur + λpreℓpre. (11)

where ℓcur and ℓpred are introduced in (4) and (7) in the self-
correction scheme for the learning of the regression network
and prediction network. The coefficients λcur and λpre mod-
ulate the relative importance of these terms.

Experiments
Experiment setup

Data collection Following (Shridhar, Manuelli, and Fox
2023b; Ze et al. 2023; Gervet et al. 2023), we conduct
our experiments on CoppeliaSim simulation environment
(Rohmer, Singh, and Freese 2013) and the Bullet physics en-
gine (Coumans 2015), maintaining consistent task scene lay-
outs as in previous works. Following the GNFActor (Ze et al.
2023), we collected 20 episodes of demonstrations for each
of 10 challenging language-conditioned manipulation tasks
in the dataset collected PerAct (Shridhar, Manuelli, and Fox
2023b), including 166 variations in object properties and
scene arrangements. To further validate the performance of
the proposed method, we collected 20 episodes of demon-
strations for each of 6 tasks from the HiveFormer (Guhur
et al. 2023b) dataset, all of which are commonly encoun-
tered in real-life scenarios. For visual observation, RGB-D
images were captured using a single front camera with a res-
olution of 128 × 128. To facilitate the training of the Gaus-
sian Splatting, we utilized additional M = 20 camera views
to provide RGB images for supervision.
Implementation details Our experiments were conducted
on the PyTorch deep learning platform utilizing two A800
GPUs. The hyper-parameters for the experiment are config-
ured as follows: the physical workspace spans 1m3 with a
voxel resolution of 100, the number of points in the scanned
pointcloud is set to 16384, the number of Gaussian primi-
tivesN is set as 16384, the Gaussian noise ϵ is sampled from
a normal Gaussian distribution scaled by 0.001, and the pre-
defined threshold τ is set to 0.40. We employ SE(3) augmen-
tation (Shridhar, Manuelli, and Fox 2023b; Ze et al. 2023; Lu
et al. 2025) for expert demonstrations in the training set. All
comparative methods were trained on PerAct’s dataset for
300000 iterations, while the HiveFormer dataset for 100000
iterations, both with a batch size of 2. The LAMB opti-
mizer (You et al. 2019) was used with an initial learning
rate of ( 5 × 10−4 ) with a cosine scheduler. During traning
, the model is trained with 3000 iterations in the first phase,
i.e.with only action loss ℓaction, and then with the remained
number of iterations in the second phase.
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Method / Task close jar open drawer sweep to dustpan meat off grill turn tap slide block put in drawer

PerAct 12.0 36.0 12.0 48.0 36.0 12.0 12.0
GNFactor 4.0 64.0 64.0 72.0 48.0 0.0 24.0
ManiGaussian 24.0 76.0 60.0 64.0 48.0 28.0 24.0
ACT3D 40.0 76.0 40.0 72.0 64.0 8.0 40.0
Ours 44.0 68.0 44.0 92.0 68.0 72.0 24.0

Method / Task reach drag push buttons stack blocks Average Planning Long Tools

PerAct 32.0 20.0 4.0 22.4 (21.7±0.5) 34.0 8.0 18.7
GNFactor 28.0 28.0 12.0 34.4 (32.8±1.2) 50.0 18.0 30.7
ManiGaussian 88.0 16.0 16.0 44.4 (43.5±1.0) 40.0 20.0 58.7
ACT3D 60.0 8.0 8.0 41.6 (41.3±0.2) 40.0 24.0 36.0
Ours 96.0 36.0 20.0 56.4 (55.6±0.7) 64.0 22.0 70.7

Table 1: Success rates on Peract’s dataset. Bold indicates the best results while Underline denotes the second-ranked per-
formance. The ‘Average’ metric represents the mean success rate across all 10 tasks. Additionally, the ‘Planning,’ ‘Long,’ and
‘Tools’ represent the average success rate for different categories of tasks.

Method / Task basketball hoop change clock phone on base put rubbish stack wine turn oven on Average

PerAct 32.0 24.0 36.0 48.0 28.0 28.0 32.7 (31.5±1.2)
GNFactor 56.0 44.0 56.0 44.0 12.0 28.0 40.0 (39.7±1.4)
ManiGaussian 36.0 36.0 68.0 92.0 8.0 36.0 46.0 (44.4±2.2)
Ours 72.0 28.0 84.0 92.0 40.0 40.0 59.3 (56.5±2.4)

Table 2: Success rates on HiveFormer’s dataset. Bold indicates the best performance , while underline denotes the second-
ranked performance. The ‘Average’ metric represents the mean success rate across all 6 tasks.

Evaluation metrics Following the previous works, we
utilize success rate as the evaluation metric. When the ob-
tained reward is 1.0, the test episode is considered success-
fully completed; otherwise, it is deemed unsuccessful. To
differentiate the testing focus across various tasks on PerAct
dataset, we compute the average success rate for the follow-
ing categories:

• The ‘Planning’ group comprises tasks with multiple sub-
goals, such as meat off grill and push buttons.

• The ‘Long’ group includes tasks that require more than
10 macro-steps to complete, such as stack blocks and put
item in drawer.

• The ‘Tools’ group is a specific subset of planning tasks
where the robot must grasp an object to interact with the
target object, including slide block to target, reach and
drag and sweep to dustpan.

• The ‘Motion’ group necessitates precise grasping, exem-
plified by the task turn tap.

• The ‘Screw’ group involves tasks requiring screwing ac-
tions, such as close jar.

• The ‘Occlusion’ group demands geometric reasoning, as
in the task open drawer.

Performance evaluation
Quantitative analysis In this section, we compare
the proposed model with several state-of-the-art multi-task
approaches on Peract’s and HiveFormer’s datasets. These
approaches include PerAct (Shridhar, Manuelli, and Fox
2023b), GNFActor (Ze et al. 2023), ManiGaussian (Lu et al.

2025), and ACT3D (Gervet et al. 2023). We evaluate 25
episodes per task at the final checkpoint utilizing 3 random
seeds across 10 challenging tasks. The mean and standard
value of the success rates are reported as (mean ± std), and
the highest average performance is also reported. As demon-
strated in Table 1, our method surpasses existing approaches,
achieving the highest success rate in 7 out of 10 tasks and
ranking within the top two in 9 tasks. The average suc-
cess rate across these tasks is 56.4%, exceeding the previous
best model by 12.0%. Specifically, for the ‘Planning’ group,
which involves the coordination of multiple sub-goals, our
method shows a substantial improvement of 14.0%; For the
‘Tools’ group, which requires using tools to complete objec-
tives, our method demonstrates a substantial improvement
of 12.0%. Furthermore, our approach achieves competitive
performance on long-horizon tasks within the ‘Long’ cate-
gory. As presented in table 2, our method achieves the high-
est success rate in 5 out of 6 tasks and the average success
rate across these tasks is 59.3%, exceeding the previous best
model by 13.3%.

Qualitative analysis Figure 4 illustrates the qualita-
tive results obtained from our method and state-of-the-art
approaches for novel view synthesis on two tasks, namely
stack blocks and close jar. The presented results demonstrate
the superior visual observation predicted by our proposed
method. In both tasks, the proposed method can retain mul-
tiple small objects on the table within the red circle in stack
blocks and exhibit a clearer table edge within the red circle
in close jar. Figure 5 presents the predicted point clouds of
future scene structure, including target and predicted point
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Category Planning Long Tools Motion Screw Occlusion Average

w/o self-corection 32.0 20.0 58.7 52.0 12.0 36.0 38.0 (36.0±1.8)
w/ self-corection 64.0 22.0 70.7 68.0 44.0 68.0 56.4 (55.6±0.7)

Table 3: Ablation study. The comparison between the models without and with self-correction on PerAct’s dataset.

Figure 4: The visualization of rendered images generated by
our method, ManiGaussian, and GNFActor.

Figure 5: The visualization of the predicted point cloud.

clouds for the tasks open drawer and turn tap. The visual
results reveal that the proposed method effectively predicts
the spatial state information of the robotic arm at future time
steps, providing a robust foundation for the implementation
of the self-correcting mechanism.

Analysis and discussion

Ablation study To evaluate the efficacy of the proposed
self-correction scheme, we conducted a comparative analy-
sis between the baseline framework, designated as ‘w/o self-
correction’, and the proposed self-correcting framework,
designated as ‘w/ self-correction’ across ten selected tasks
in PerAct’s dataset. The self-correcting framework demon-
strates an approximately 18.0% improvement over the base-
line framework, demonstrating the significant benefit of in-
corporating the proposed self-correction mechanism.
Robustness analysis To evaluate environmental robust-
ness, we conducted comparative experiments on the Colos-
seum benchmark (Pumacay et al. 2024). The evaluation pro-
tocol comprised 25 demonstration episodes for two manip-
ulation tasks: open drawer and reach and drag. We evaluate
the model against environmental variations including light
color, object color, object texture, and table color. Quanti-
tative results presented in Table 4 demonstrate the perfor-
mance across these environmental perturbations. The suc-
cess rates indicate that our approach exhibits enhanced ro-

Method /
Perturb.

light
color

object
color

object
texture

table
color

PerAct A 20.0 20.0 12.0 32.0
GNFactor A 36.0 36.0 32.0 32.0

Ours A 64.0 64.0 52.0 64.0

PerAct B 24.0 24.0 16.0 28.0
GNFactor B 16.0 16.0 8.0 20.0

Ours B 96.0 92.0 92.0 84.0

Table 4: Robustness analysis on Colosseum’s benchmark.
The perturbation factors constitute the variable elements
within the working environment. ‘A’ and ‘B’ respectively
denote tasks open drawer and reach and drag.

Threshold 0.25 0.30 0.35 0.40 0.45 0.50

SR (%) 43.9 51.2 52.0 56.4 50.0 53.6

Table 5: Comparative analysis on the distance threshold.
The success rates (SR) on the PerAct’s dataset with different
τ are reported.

bustness compared to other methods (GNFactor and PerAct)
under all investigated perturbation conditions.
Sensitivity analysis of threshold τ To investigate the
impact of the Chamfer distance threshold τ , we evaluated
performance across 10 representative tasks from the Per-
Act dataset. The resuls are detailed in Table 5, where the
proposed method maintained success rates exceeding 50%
across threshold values ranging from 0.3 to 0.5, suggesting
a low sensitivity to the choice of the threshold.

Conclusion
In this paper, we introduce a novel self-correcting scheme
for robot manipulation that addresses the critical challenge
of failure detection and recovery in language-conditioned
robotic tasks. Our approach leverages 3D Gaussian Splatting
for scene representation and incorporates a prediction net-
work for forecasting future scene states. Incorpoarating this
scheme with the PerAct pipeline, we develop a robust self-
correcting policy capable of failure self-correction. Com-
prehensive experiments across ten tasks with 166 variations
demonstrate that our method significantly outperforms state-
of-the-art techniques, achieving a 12.0% higher success rate.
In the future, our research would transcend execution-error
detection and correction, advancing towards an exploration
of the failure detection and correction during long-term
planning, leveraging the advanced reasoning capabilities of
LLM to augment robotic decision-making paradigms.
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