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Abstract
Recent advances in vision-language-action (VLA) models
have demonstrated impressive generalization for robotic ma-
nipulation. However, these models often operate by directly
mapping visual and linguistic inputs to subsequent actions,
lacking intermediate task planning, along with failure detec-
tion and recovery ability. These limitations prevent them from
effectively decomposing complex tasks, recognizing problems,
and correcting erroneous actions, ultimately resulting in com-
plete task failure. This significantly hinders their ability to
perform long-horizon tasks and generalization ability. To this
end, we introduce TCoT: Trajectory Chain-of-Thought, a
unified VLA framework that enhances this direct mapping
with trajectory planning as well as failure detection and re-
covery. TCoT leverages hierarchy trajectories as a precise and
compact representation of CoT reasoning for manipulation:
global planning provides a high-level, goal-oriented trajec-
tory to guide the robot toward its task objective, while local
planning focuses on real-time adjustments to address dynamic
changes. Moreover, we designed the Global-Local Switch-
ing Recovery algorithm that detects and effectively recovers
from failures. Experimental results reveal that TCoT surpasses
the state-of-the-art methods across both real and simulated
scenarios and exhibits superior generalization capabilities.

Introduction
Recent advances in large language models (LLMs)(Achiam
et al. 2023; Touvron et al. 2023) and vision-language models
(VLMs)(Liu et al. 2024a; Li et al. 2023) have demonstrated
remarkable capabilities in perception, understanding, and rea-
soning over complex data, laying a strong foundation for the
development of generalized robotic policies. Vison-language-
action models (VLAs) (Zitkovich et al. 2023; Kim et al. 2024;
Li et al. 2024a; Brohan et al. 2023a) have extended pre-
trained VLMs to robotic manipulation tasks by fine-tuning
on large-scale cross-embodiment robotic datasets (O’Neill
et al. 2024; Khazatsky et al. 2024). These generalist robot
policies exhibit flexibility in adapting to changes in the en-
vironment, objects, and instructions, enabling efficient task
adjustment through fine-tuning.

Despite the progress made, existing VLA models often
focus on architecture design (Liu et al. 2025; Black et al.
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Figure 1: (a) Regular VLA models directly map inputs to
actions, (b) TCoT introduces a global-local trajectory as in-
termediate task planning layer.

2024a; Wen et al. 2025) and computational efficiency (Bu
et al. 2024a), while overlooking two key challenges: (1) the
absence of intermediate task planning between high-level in-
structions and low-level actions, and (2) the inability to detect
and recover from failures. These issues remain inadequately
addressed and require further exploration:
The Absence of Intermediate Task Planning: Current VLA
models (Black et al. 2024a; Liu et al. 2025; Octo Model Team
et al. 2024) typically predict robot actions for the next time
step directly from vision and language inputs, as shown in
Fig. 1 (a) However, this approach often neglects intermedi-
ate task planning and reasoning, limiting its effectiveness,
especially in scenarios requiring long-horizon manipulation.
When humans perform long-horizon tasks, they first plan and
decompose the entire task into smaller, manageable steps
and then execute them sequentially. Moreover, the lack of
task planning limits the model’s ability to retain historical
context, such as past actions and trajectories. Thus, it may
repeat completed actions due to poor progress estimation,

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

6486



hindering performance on long-horizon tasks.
Inability to Detect and Recover from Failures: Task fail-
ures are common in robot-environment interactions, making
detection and recovery crucial for success. However, cur-
rent VLA models (Kim et al. 2024; Liu et al. 2025; Black
et al. 2024a) lack this capability, as they are trained primarily
on successful demonstrations and ignore failure cases (Dai
et al. 2024). While VLAs may exhibit implicit retry behav-
ior, such retries are often limited, unguided, and unreliable.
In contrast, an explicit failure recovery mechanism enables
structured detection and targeted re-execution, allowing the
robot to identify errors, replan, and adapt strategies.

To address these challenges, we introduced TCoT (Fig. 1),
a unified VLA framework that enhances the model with hi-
erarchy trajectory planning, as well as failure detection and
recovery. Trajectories provide a concrete intermediate task
planning that bridges the gap between task understanding and
execution, leading to precise and goal-directed actions. In
long-horizon tasks, discrete waypoints in trajectory planning
decompose and structure the task, representing the target
positions the end-effector should reach at each stage. These
waypoints enable the robot to break down complex tasks
into manageable steps and ensuring smooth progress toward
the final goal. We propose a hierarchy planning strategy: (1)
global planning provides a goal-oriented long-horizon trajec-
tory that ensures the robot moves toward the task objective,
while 2) local planning allows for real-time adjustments to
handle dynamic changes with short-horizon trajectory. More-
over, by using predicted trajectories as reference, the model
benefits from both future and past way-points, enhancing
spatial-temporal reasoning ability. Additionally, we propose
a Global Local Switching Recovery (GLSR) algorithm that
enables the framework to identify failures and switch strate-
gies when failure occurs. Specifically, we propose a scal-
able data generation pipeline that augments successful expert
demonstrations with failure cases and task completion anno-
tations for training. The model then gains the ability to detect
failures by learning from both successful and unsuccessful
scenarios. With the support of the proposed hierarchical plan-
ning strategy, the model can replan or switch strategies upon
failures, improving robustness and success rates, particularly
in complex, long-horizon tasks.

We present the first attempt to integrate global-local tra-
jectory planning, action generation, and failure recovery into
a unified VLA model, allowing it to handle diverse prompts
and generate varied responses. Extensive experiments on both
simulated and real-world datasets demonstrate that TCoT
surpasses state-of-the-art methods and enhances knowledge
sharing between tasks, highlighting its superior performance
and robustness. In summary, our contributions include:

• We introduce a unified VLA framework for robotic manip-
ulation, TCoT, capable of action generation, intermediate
task planning, as well as failure detection and recovery.

• We propose a trajectory-based CoT reasoning for robot
manipulation. It combines global planning for task-level
alignment and local planning for action-level adaptability,

• We propose a GLSR algorithm that detects failure and
effectively recovers from it, enhancing robustness and

success rates in complex, long-horizon tasks.
• Comprehensive experiments have been conducted in both

real-world and simulated environments, demonstrating
the superior performance and generalizability.

Related Works
Language-Conditioned Visual Manipulation
In language-conditioned manipulation, robots follow lan-
guage instructions to complete tasks. Existing approaches
can be broadly categorized into three paradigms: LLM as
planner, specialist, and generalist policies.

In the first paradigm, LLMs are used as planners (Liang
et al. 2023; Brohan et al. 2023b; Huang et al. 2024a), where
they decompose complex tasks into smaller, more manage-
able subtasks, each of which is then grounded to a prede-
fined set of skills or policies. However, the textual plans or
constraints generated by LLMs or VLMs often suffer from
redundancy and unnecessary complexity (Huang et al. 2023a,
2024b), which can make it difficult to describe the scene
accurately and concisely. The second paradigm focuses on
specialist policies (Fu, Zhao, and Finn 2024; Chi et al. 2024;
Ma et al. 2024; Ryu et al. 2024), which are designed to per-
form a narrow set of tasks. While these policies can achieve
high performance within their training context, they cannot
generalize beyond the training data.

To address these limitations, recent work has focused on
generalist policies(Brohan et al. 2023a; Zitkovich et al. 2023),
which leverage extensive cross-embodiment datasets(O’Neill
et al. 2024; Walke et al. 2023) and VLAs or by incorporating
an action expert (Black et al. 2024a; Liu et al. 2025; Li
et al. 2024a; Wang et al. 2025), However, existing VLAs
typically predict actions directly from input without fully
utilizing the reasoning capabilities of the underlying vision-
language models. In contrast, our approach, TCoT, introduces
both global and local trajectories as intermediate planning
steps before action prediction, enabling a more structured
and interpretable reasoning process.

Reasoning for Manipulation Policies
LLMs have demonstrated impressive text-based reasoning
capabilities for embodied agents, ranging from task plan-
ning (Song et al. 2023; Liang et al. 2023; Sermanet et al.
2024) to embodied feedback (Brohan et al. 2023b; Huang
et al. 2023b). However, textual reasoning alone is insufficient
to capture the dynamic and context-rich information inherent
in environments. Thus, recent works have explored embod-
ied reasoning (Zawalski et al. 2024), which incorporate el-
ements such as gripper position (Li et al. 2024b), low-level
motions (Belkhale et al. 2024), and trajectories (Gu et al.
2024; Wen et al. 2024; Zheng et al. 2024; Zhang et al. 2024).
These elements are grounded in visual observations of the
scene and the agent’s state, offering a more comprehensive
understanding of the manipulation process.

An alternative approach leverages generative models as
visual planners to generate goal images (Ni et al. 2024a;
Bu et al. 2024b; Black et al. 2024b; Ni et al. 2024b; Zhao
et al. 2025), which are then used by a low-level controller to
guide the robot’s action. However, the generated images or
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Figure 2: (a) The overall framework of TCoT (Sec. ). It is composed of three key parts: a pre-trained VLA backbone, the
trajectory-based reasoning (Sec. ), and the failure detection and recovery module (Sec. ). This integrated design empower TCoT
to achieve precise and robust manipulation performance, driven by (b) the data generation and annotation pipeline.

videos often lack geometric and motion consistency, which
can undermine the performance of the control policy.

Our approach enhances VLA models by enabling them
to perform CoT reasoning at a trajectory level, establishing
an intermediate layer between the high-level tasks and the
low-level actions. By generating 2D trajectories for the end-
effector before action execution, our method ensures more
accurate and contextually informed manipulation, improving
the model’s overall performance.

Failure Detection and Recovery
Failure detection and recovery are essential for robust robot
execution. Existing approaches (Luo 2024; Guo et al. 2023;
Liu et al. 2024b; Zhou et al. 2025) typically rely on sepa-
rate large vision-language models (VLMs) as external failure
detectors, often using visual question answering or constraint-
based reasoning to identify and explain errors. While these
methods enable post-hoc self-reflection (Liu, Bahety, and
Song 2023; Liu et al. 2024b), they introduce additional com-
putational overhead. More critically, failure detection and re-
covery are decoupled, detection may occur externally, while
recovery still depends on separate control mechanisms, limit-
ing response coherence and efficiency. In contrast, our pro-
posed GLSR algorithm integrates failure detection and re-
covery within a unified VLA model. When failures arise,
the model explicitly switching strategies—from global to
local planning—enabling re-execution of the failed task seg-
ment. This design improves task success rates and enhances
adaptability in dynamic environments.

Method
The Proposed TCoT Framework
As illustrated in Fig. 2, our TCoT framework is built upon
a pre-trained VLA model as its backbone. The primary ob-

jective of the VLA model is to generate robot actions for
a variety of tasks by integrating visual observations and
task instructions. Formally, at each time step t, given a vi-
sual observation ot and a language instruction lt, the VLA
model π predicts the corresponding action at for robot exe-
cution: at = π(ot, lt). In the context of robotic manipulation
tasks, the action at is defined as the delta movement of the
end-effector, represented as a 7-degree-of-freedom vector:
[∆p,∆θ, gripper], where ∆p = [∆px,∆py,∆pz] denotes
the relative translation and ∆θ = [∆θx,∆θy,∆θz] repre-
sents the relative rotation. The gripper indicates the open/-
closed state of the gripper.

Specifically, TCoT is a general framework, and we instanti-
ate our TCoT algorithm using the OpenVLA (Kim et al. 2024)
as the VLA backbone, which is trained using a standard next-
token prediction objective, minimizing the cross-entropy loss
on the predicted action tokens:

La = −
∑
S∈D

T∑
t

log p(at|ot, lt;π) (1)

where S = {o1, a1, . . . , oT , aT , l} represent an expert
demonstration trajectory, and D = {S1,S2, . . . ,SN} denote
the training dataset, comprising N such demonstrations.

To enable the VLA model with trajectory planning ca-
pabilities, we designed an automated trajectory generation
pipeline to produce global and local 2D trajectories from
existing demonstration data. Subsequently, we fine-tuned the
model using prompt templates lg/l. This allows the model to
perform trajectory planning: Pg/l = π1(o1, lg/l), breaking
down complex tasks into sequential waypoints, which are
used as reasoning prompts for more accurate and contextually
informed action generation: at = π1(ot, lg/l | Pg/l).

To enable failure detection and recovery, we design a
GLSR method. During the model rollout process, we collect
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data and corresponding labels from both successful and un-
successful scenarios. Through instruction tuning with prompt
template lf , the model learns to recognize failure from ex-
pected task progress: Isuccess = π1(ot, lf ). When failures are
detected during actual inference, the model automatically
switches to a more appropriate planning strategy, thereby re-
covering from them. Our TCoT framework integrates global-
local trajectory planning, action generation, as well as failure
detection and recovery into a unified VLA model through
a two-stage instruction tuning, allowing it to handle diverse
prompts and generate varied responses.

Trajectory-based CoT Reasoning
In this section, we explore the details of the data generation
pipeline and the training for hierarchy trajectory-based chain-
of-thought reasoning before generating action.
Data Generation Pipeline. We propose an automated trajec-
tory generation pipeline to produce global and local 2D trajec-
tories from existing demonstrations. In this paper, trajectory
refers to the planned path that a robot’s end-effector follows
in the image coordinate system over time to accomplish a
specific task. We adopt the off-the-shelf tracking model pro-
posed in (Karaev et al. 2024) to track the gripper’s trajectory
in the demonstration video. Formally, given the sequence of
images {o1, . . . , oT } from S and the gripper’s initial position
p1 = (x, y) in the image coordinate system, the tracker pre-
dicts the 2D position of the target point in subsequent frames
pt, t ∈ [2, T ]. To obtain the initial gripper position p1, we
utilize an open-vocabulary detector Φd (Minderer, Gritsenko,
and Houlsby 2024) to predict the bounding box of gripper
b1 = Φd(o1, v), where v is the text description of the gripper.
The detection results are then used as input to a segmentation
model Φs (Ravi et al. 2024), which generates a segmentation
mask. The gripper’s initial position is then computed as the
centroid of the mask:

p1 = Centroid(M1), M1 = Φs(o1, b1) (2)

We employ this detection-then-segment method only for the
first frame, as the mask may be inaccurate in subsequent
frames. Additionally, in real-world datasets, the gripper may
become occluded or rotate, causing the initially set track-
ing points to disappear, leading to trajectory interruptions.
To address this, we use the promptable video segmentation
model SAM2 (Ravi et al. 2024) to infer the gripper’s position
when the tracker signals a missing point. This model takes
both positive and negative points as prompts for fine-grained
segmentation while considering the temporal state s. The
gripper’s position at time t is then given by:

pt = Centroid(Φs(ot, pp, pn, st−1)), t ∈ [2, T ] (3)

where pp consists of positive points, including p1 and other
sampled points inside the mask M1, while pn denotes the
negative points sampled around p1 but outside M1. Finally,
we obtain the trajectory P ′

= {p1, p2, . . . , pT }. To ensure
the continuity and consistency of the tracked points, we filter
out outliers in P ′

with the RANSAC (Fischler and Bolles
1981) algorithm. Specifically, we extract the 3D position of
the gripper from the robot state to construct the trajectory in

3D space, denoted as X ∈ RN×3. Then a mapping from 3D
trajectories X to 2D trajectories P ′

is constructed, thereby
filtering out the noise points to get the smooth trajectory P .
Hierarchical Trajectory Planning. To fully leverage the
trajectory P , TCoT employs a hierarchical planning strategy:
1) global trajectory for task-oriented, long-horizon planning,
and 2) local trajectory for fine-grained, short-horizon plan-
ning. The global trajectory decomposes complex tasks into
a series of waypoints, providing a comprehensive trajectory
plan as a reference for the manipulation task. We first deter-
mine two scenario-aware hyperparameters: maximum trajec-
tory length Lg and temporal sampling interval ng. At each
timestep t, the global trajectory Pt

g is constructed through
symmetric windowed sampling:

Pt
g =

{
pt−ng⌊Lg/2⌋, . . . , pt, . . . , pt+ng⌊Lg/2⌋

}
(4)

The future waypoints {pi|i > t} ensure smooth, goal-
directed task planning, while the past waypoints {pi|i < t}
preserve the historical context information, which helps the
model to access task progress effectively. Also, using tra-
jectories as the intermediate layer between high-level task
understanding and low-level execution leads to much better
data sharing between different tasks, thus improving general-
ization in multi-task datasets. While global planning estab-
lishes task context, predicting full trajectory at every timestep
is computationally prohibitive. When changes occur during
task execution, the global trajectory cannot be updated in
real time, therefore, we introduce a complementary local tra-
jectory mechanism with higher updating frequency focused
on dynamic task planning and precise manipulation ability.
The local trajectory Pt

l includes the planning for a short pe-
riod starting from the current position, featuring a denser
distribution of waypoints:

Pt
l = {pt, pt+nl

, . . . , pt+nlLl
} (5)

where Ll and nl denote the local trajectory length and sam-
pling interval (nl < ng). The shorter horizon enables the
local trajectory to update at a higher frequency, facilitating
more dynamic task execution. The denser distribution of way-
points provides finer-grained spatial guidance for low-level
motion, allowing for more precise and delicate manipulation
tasks. This hierarchy planning achieves a balance between
computational efficiency and motion precision.
Trajectory-based Chain-of-Thought Training. To enhance
the VLA model with trajectory-based reasoning capabilities,
we introduce the first stage instruction tuning that integrates
hierarchical trajectory planning and action generation. After
extracting both global and local trajectories T = {Pg,Pl}
from multi-task demonstrations, we reformulate the training
objective to explicitly condition action prediction on planned
trajectories based on the following prompt template lg/l:

% Trajectory-based Reasoning Prompt Templates
Instruction: “Predict the gripper’s global/local trajec-
tory and the action to complete the {TASK}.”
Answer: “Trajectory: Pg/Pl Action: A”.

To optimize the parameters of model π1 efficiently, we ap-
ply LoRA (Hu et al. 2022) for fine-tuning, introducing an
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LIBERO-Spatial (10 tasks) LIBERO-Obejct (10 tasks)

LIBERO-Goal (10 tasks) LIBERO-Long (10 tasks)

Put the black bowl in the top drawer Pick up cheese and place it in basket

Put the wine bottle on the rack Put bowl in bottom drawer and close it

Figure 3: Visualization of the four LIBERO task suites. Each
tasks suites contain 10 tasks and 500 demonstrations.

additional objective that jointly predicts both trajectory and
action tokens:

Lp = −
∑
S∈D

T∑
t

log p(Pt
i , at|ot, lt;π1), i ∈ {l, g} (6)

This contrasts with conventional VLA approaches (Zitkovich
et al. 2023), which directly map observations to actions at
without explicit motion planning as an intermediate step.
In contrast, our formulation introduces structured trajectory
reasoning, enabling both global and local inference modes.

Algorithm 1: Failure Recovery with Global-Local Switching

Require: Policy π1, task instructions l, visual input o, time
step for failure determination tf , local planning fre-
quency tl, global-local planning prompt lg, ll, failure
detection prompt lf .

Ensure: Action at
1: a1,P1

g ← π1(o1, lg) ▷ Generate global traj.
2: for t = 2 to tf do
3: at ← π1(ot, lg | Pt

g) ▷ Follow frozen global traj.
4: end for
5: for t > tf do
6: Isuccess ← π1(ot, lf ) ▷ Failure detection
7: if (t mod tl = 0 and not Isuccess) then
8: at,Pt

l ← π1(ot, ll) ▷ Replan with local traj.
9: else

10: at ← π1(ot, l | Pt
l ) ▷ Follow local traj.

11: end if
12: end for

Global-Local Switching Recovery
Failures are an inherent challenge in robot-environment in-
teractions, making failure detection and recovery essential
for task completion. We propose to integrate failure detection
and recovery directly into the VLA model.
Failure Detection. Conventional VLA architectures lack
built-in failure detection mechanisms, which constrain their

practical deployment. Thus, we deploy the policy π1 in the
simulated or real-world environment and let the VLA model
iteratively interact with the environment, collecting an on-
line dataset that contains both successful and failed samples:
Sonline = {o1, a1, . . . , oT , aT , l}. The dataset is accompa-
nied by a binary success indicator Isuccess ∈ {True,False}.
The criteria for determining success vary across environ-
ments: in simulation-based evaluations, predefined physical
simulator metrics serve as the basis, whereas real-world im-
plementations rely on operator-mediated validation. Specif-
ically, tasks that exceed temporal constraints or exhibit op-
erational failures are manually terminated and annotated. To
enable direct failure state prediction within the VLA archi-
tecture, we train the model with the following template lf :

Failure Detection Prompt Template
Instruction: “Determine whether the {TASK} has been
successfully completed based on visual evidence.”
Answer: “Isuccess”

Then, we propose the following failure detection objective
to predict the failure token:

Lf = −
∑
S∈Df

T∑
t=tf

log p(Itsuccess|ot, lt;π1) (7)

where Df = {Si
online}Ni=1 represents the dataset collected

online and tf is the time step for failure determination. Based
on these datasets D,Donline and annotations Pg/l, Isuccess,
we adopt LoRA (Hu et al. 2022) in the second stage instruc-
tion finetuning, integrating multiple learning objectives:

L = La + Lp + Lf (8)

Therefore, TCoT is capable of trajectory planning, failure
detection, and action generation simultaneously through dif-
ferent prompts. We optimize performance by adjusting the
proportion of the three types of data rather than modifying
the loss weights (refer to supplementary materials).
Failure Recovery. Policy π1 integrates action generation,
trajectory planning, and failure detection into a unified frame-
work. These capabilities can be invoked dynamically through
different prompts during inference, enabling automated fail-
ure recovery. We detail the GLSR in Algorithm 1. Given the
task instructions l and the visual input o, π1 first predicts the
global trajectory and action for the initial timestep. To en-
hance inference efficiency, subsequent actions are generated
while conditioning on the frozen global trajectory. When t
reaches tf , the model will actively detect Itsuccess to determine
task completion status. If the task is deemed unsuccessful,
the control strategy transitions to action generation based on
local trajectory planning. Compared to the implicit retry be-
havior of standard VLA models—often repeatedly fail in the
same way—GLSR provides explicit and structured recovery
by detecting failures and switching to an alternative plan-
ning. This enables TCoT to explore different solution paths,
improving robustness and adaptability in complex tasks.

Experiments
Datasets. We perform simulated evaluations on the LIBERO
benchmark (Liu et al. 2023), which includes four task suites
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Turn on the stove and put the moka pot on it   

(TCoT) 

Put both moka pots on the stove

Put yellow and white mug in the microwave and 

close (TCoT) 

(a)

(b)

Put yellow and white mug in the microwave and 

close (Vanilla VLA) 

Put both moka pots on the stove

Failure Detection

RecoveryTCoT: Global Planning TCoT: Local PlanningVanilla VLA

Figure 4: Qualitative Results of TCoT vs. Vanilla VLA on LIBERO (a) illustrates the global trajectory planning (colored)
capability of TCoT, enabling precise and task-oriented execution. (b) highlights the failure detection and recovery mechanism.

Model Publication LIBERO-Spatial LIBERO-Object LIBERO-Goal LIBERO-Long Avg. SR ↑ Rank ↓

ECoT CoRL2024 0.840±.011 0.870±.012 0.785±.015 0.550±.008 0.761±.012 7
OpenVLA CoRL2024 0.847±.009 0.884±.008 0.792±.010 0.537±.013 0.765±.006 5

OpenVLA-Multi CoRL2024 0.840±.005 0.860±.007 0.700±.012 0.440±.011 0.710±.006 6
GRAPE ICLR2025 0.876±.004 0.912±.007 0.822±.009 0.558±.011 0.792±.008 4

CoT-VLA CVPR2025 0.875±.006 0.916±.014 0.876±.005 0.690±.006 0.811±.008 3

TCoT - 0.910±.002 0.948±.008 0.788±.010 0.668±.012 0.829±.007 2
TCoT-Multi - 0.900±.004 0.870±.009 0.850±.007 0.710±.011 0.833±.005 1

Table 1: Quantitative comparison with SOTA methods with discrete action modeling on LIBERO benchmark. ‘SR’ indicates the
success rates. ± represents the standard error. ‘Multi’ represents cross-task settings.

Method Publication Spatial Object Goal Long Avg.SR

π0 Arxiv2024 96.8 98.8 95.8 85.2 94.2
UniVLA RSS2025 96.5 96.8 95.6 92.0 95.2

OpenVLA-OFT Arxiv2025 96.9 98.1 95.5 91.1 95.4

TCoT-OFT - 97.5 98.8 95.0 93.5 96.2

Table 2: Comparison with SOTA methods with continuous
action modeling on LIBERO benchmark.

designed for robotic manipulation. These suites (see in Fig. 3)
each consist of 10 tasks, with 50 demonstrations per task
collected via human teleoperation for evaluating the ability
to transfer knowledge related to spatial relationships, object
manipulation, task-specific goals, and long-horizon execution.
For real-world evaluations, we utilize the AIRBOT Arm. As
shown in Fig. 5, we designed 7 tasks involving tool use, fine
manipulation, cluttered objects, and multiple steps.

Simulated Evaluation
Quantitative Results. As shown in Tab. 1, we evaluate TCoT
against several state-of-the-art approaches with discrete ac-
tion modeling, including OpenVLA, ECoT, GRAPE and CoT-
VLA (Kim et al. 2024; Zawalski et al. 2024; Zhang et al.;
Zhao et al. 2025). In the single-task setting, TCoT achieves

the highest average success rate (SR) across all models, out-
performing SOTA method by 1.8%. Notably, TCoT shows
significant improvement cmpared to baseline on more chal-
lenging LIBERO-Long task suites, highlighting the effective-
ness of TCoT in spatial reasoning and long-horizon planning.
We also evaluate TCoT under multi-task setting, which trains
a generalist model across all four tasks. The results indicate
that baseline OpenVLA experiences a performance decline
in multi-task settings, whereas TCoT achieves further im-
provements in more complex and long-horizon tasks, with its
average performance surpassing that of single-task training
(83.3% vs. 82.9%). This demonstrates that our approach effec-
tively facilitates knowledge sharing between tasks, primarily
due to its use of trajectories as an intermediate representation
between instructions and actions. When two tasks share simi-
lar trajectory segments, the model can learn the abstraction
of them from the overlapping trajectories, thereby enhancing
both data utilization and generalization.

In Tab 2, we instantiate the TCoT framework using
OpenVLA-OFT (Kim, Finn, and Liang 2025) and compare
it with VLA models based on continuous action model-
ing (Black et al. 2024a; Wang et al. 2025). The results demon-
strate that our approach achieves consistent improvements
over the baseline, particularly outperforming state-of-the-art
methods on long-horizon tasks.
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Figure 5: (a-g) Visualization of the 7 real-world tasks.

Qualitative Results. As illustrated in Fig. 4, (a) in the task
‘Put the mug in the microwave and close,’ TCoT generates a
global planning trajectory at the initial step and uses it as a
chain-of-thought prompt to predict subsequent actions. This
intermediate task planning enables precise, goal-oriented
execution, while the vanilla VLA (Kim et al. 2024) model
becomes stuck at the microwave door. (b) In the task ‘Put both
moka pots on the stove,’ both TCoT and vanilla VLA initially
fail. However, our method identifies the failure, switches
strategies, and recovers effectively, whereas the vanilla VLA
model fails to respond and gradually adopts abnormal poses.

Real-World Evaluation
Real-world evaluation are presented in Table 3. Open-
VLA (Kim et al. 2024) suffers from repetitive motions and
often becomes confused about its progress. This issue is
particularly pronounced in scenarios with repetitive trajecto-
ries, which can be attributed to a lack of global planning or
historical context. In contrast, TCoT leverages predicted tra-
jectories as prompts, effectively incorporating both past and
future movement information. This approach significantly en-
hances spatial-temporal reasoning, improving manipulation
task performance. Overall, TCoT achieves a 28% improve-
ment compared to the baseline. Here, we also observed that
TCoT effectively facilitates knowledge sharing across differ-
ent tasks: the results show that multi-task training only im-
proves OpenVLA by 4%. In comparison, TCoT achieves a 8%
improvement, nearly doubling the gains observed in the other
methods, highlighting the advantages of proposed trajectory-
based reasoning. In the tool using tasks, model is required
to transfer cereal or gaskets to a target location, involving
complex tool use and multi-step, long-horizon operations.
The results show that TCoT benefits from trajectory-level
planning, achieving greater improvements over baseline.

Ablation Study
As shown in Table 4, we conduct an ablation study to evalu-
ate the impact of different components on the success rates
in the LIBERO benchmark. Compared to the baseline, us-
ing either global or local trajectory planning alone results in
performance improvement of 2.1% and 1.1% respectively.
However, enabling failure detection and allowing the robot to

Setting Method Pick Stack Use Avg.cube cup spoon bowl cube spoon shovel

Single
Octo 0.20 0.10 0.40 0.35 0.00 0.55 0.25 0.26

OpenVLA 0.50 0.25 0.45 0.40 0.20 0.60 0.35 0.39
TCoT 0.70 0.50 0.75 0.90 0.35 0.85 0.60 0.67

Multi
Octo 0.25 0.10 0.35 0.40 0.05 0.45 0.30 0.27

OpenVLA 0.55 0.25 0.45 0.45 0.30 0.60 0.40 0.43
TCoT 0.80 0.65 0.85 0.90 0.50 0.85 0.70 0.75

Table 3: Real-world evaluation on AIRBOT.

Method Global Traj. Local Traj. GLSR Average SR

OpenVLA - - - 0.765±.006

TCoT
✓ - - 0.786±.005

- ✓ - 0.773±.009

✓ ✓ ✓ 0.829±.007

Table 4: Ablation study on the effects of different components
on the average success rate on the LIBERO benchmark.

recover through GLSR, the average success rate increases sig-
nificantly by 6.4%. This result underscores the effectiveness
of our TCoT framework and highlights the pivotal role of
failure detection and recovery in enhancing manipulation task
performance. Unlike implicit retry behaviors often exhibited
by VLA models, our explicit failure recovery mechanism en-
ables structured re-planning at the trajectory level, allowing
the system to more reliably correct diverse failure modes and
improve robustness in long-horizon tasks. Refer to supple-
mentary for more comprehensive ablations.

Conclusion

In this paper, we present TCoT, a novel framework that en-
hances vision-language-action (VLA) models for robotic ma-
nipulation by integrating hierarchical trajectory planning with
failure detection and recovery. TCoT addresses two key limi-
tations of existing VLA models: the absence of intermediate
task planning and the lack of explicit failure recovery. By
generating both global and local trajectories, TCoT enables
trajectory-level chain-of-thought reasoning, while the pro-
posed GLSR algorithm allows adaptive strategy switching
during execution. Extensive experiments on the LIBERO
benchmark and real-world tasks show that TCoT signifi-
cantly outperforms state-of-the-art methods, demonstrating
strong generalization across diverse environments. In addi-
tion, TCoT facilitates knowledge sharing across tasks, a criti-
cal capability for building general-purpose robotic policies.
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