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ABSTRACT

Long-horizon robotic tasks require diverse capabilities that no single policy can
reliably provide. Heterogeneous policies offer complementary strengths, but or-
chestrating them requires reasoning over uncertain capability boundaries and cross-
policy distribution mismatch, which are largely overlooked by existing planning
methods built on homogeneous, predefined skills with fixed applicability. We
propose RoboHarness, a unified framework that encapsulates independently de-
veloped robot control systems as reusable agentic skills. Although instantiated in
this work with VLAs, RL policies, and task-and-motion planning (TAMP) systems,
RoboHarness is designed as a general framework compatible with a broader range
of robot policies, such as navigation policies, model predictive controllers, and
world-action models. RoboHarness uses multi-modal execution memory and online
evidence to characterize policy capability boundaries for capability-aware decom-
position and routing. To stabilize policy handoffs, its Memory Bridge retrieves
execution trajectories associated with the next policy, estimates its in-distribution
state region, and guides the robot toward that region without joint policy retraining.
Extensive experiments on three public benchmarks, 500 customized tasks, and 135
real-robot experiments demonstrate effective capability-aware routing and stable
policy orchestration, yielding substantial improvements in zero-shot long-horizon
planning and out-of-distribution robustness.

1 INTRODUCTION

Long-horizon robotic tasks require policies to maintain instruction alignment, generalize across
environment variations, preserve logical consistency and remain robust to noise (Garrett et al., 2020;
Yang et al., 2025). Recent studies have made substantial progress in robotic systems (Huang et al.,
2026b; Black et al., 2024; Silver et al., 2024; Ye et al., 2025), yet no existing policy excels across
all requirements, exhibiting distinct strengths and limitations. For example, vision-language-action
models (VLAs) provide semantic grounding and open-vocabulary instruction following (Black et al.,
2024; Kim et al., 2025; Zheng et al., 2025), but their long-horizon consistency and geometric precision
remain limited. Reinforcement learning (RL) post-training can produce closed-loop behaviors within
specific training distributions (Zang et al., 2025; Intelligence et al., 2025), but its applicability often
degrades under distribution shift and when reward functions are poorly specified. Task and motion
planning (TAMP) systems provide structured logical and geometric reasoning (Silver et al., 2023;
Kumar et al., 2023; Liu et al., 2024; Huang et al., 2025), but their generalization remains constrained
by predefined abstractions, skills, and state representations. More broadly, existing policies are
capability-bounded, and no single policy provides a universal solution for long-horizon tasks that
span subtasks requiring different strengths. This motivates formulating long-horizon execution as the
coordination of heterogeneous policies with distinct capability boundaries.

This perspective introduces a planning problem that remains largely unaddressed by existing planning
methods: how to coordinate independently designed or trained heterogeneous control policies to
solve long-horizon tasks that exceed the intrinsic capabilities of any individual policy. Conventional
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long-horizon planning approaches typically assume a homogeneous set of predefined skills with
fixed applicability (Liang et al., 2024; Han et al., 2024; Kaelbling & Lozano-Pérez, 2011), so task
decomposition can be performed over a static skill space with clear skill boundaries. In contrast,
heterogeneous robot policies differ in architecture, input-output requirements, policy assumptions,
and execution history (Zhang et al., 2026; Garrett et al., 2021). Their capability boundaries are often
unclear and context-dependent: different policies may have overlapping applicability, while their
relative performance can vary with object configurations, visual observations, language instructions,
and execution history. Consequently, a planner must decompose tasks according to policy capabilities
and determine which policy can reliably execute each subtask under the current conditions. Moreover,
independently trained or hand-designed policies are not necessarily directly composable: the terminal
state produced by one policy may not lie within the feasible execution region or input distribution of
the next policy (Lee et al., 2021; 2019). Transferring control without accounting for this mismatch
can therefore introduce distribution shift and cascading failures across policy handoffs.

We propose RoboHarness, a unified framework for policy capability-aware planning with heteroge-
neous robot policies. RoboHarness encapsulates independently trained or hand-designed policies as
reusable agentic skill modules and augments them with auxiliary modules that characterize capability
boundaries and mediate policy-specific input and output requirements. To support reliable inter-
policy handoff, RoboHarness introduces a chaining technique, the memory bridge, which combines
memory retrieval and spatial distribution learning to preserve spatial consistency. This design enables
RoboHarness to decompose tasks according to policy applicability and adaptively coordinate selected
policies to accomplish complex long-horizon tasks in a zero-shot manner. The main contributions of
this paper are: (1) We introduce RoboHarness, a unified framework that orchestrates heterogeneous
robot policies to solve zero-shot long-horizon robotic tasks. (2) We organize three groups of auxiliary
skills, understanding, memory, and self-evolution, to characterize policy capabilities and support
capability-aware task decomposition, policy routing, and orchestration. (3) We design the memory
bridge, a plug-and-play inter-policy chaining technique that combines multimodal memory retrieval
with spatial distribution learning to enable stable policy handoffs without additional joint training.
(4) We extensively evaluate RoboHarness across multiple benchmarks, demonstrating improved
long-horizon consistency, out-of-distribution resilience, and zero-shot robustness.

2 RELATED WORK

Harness Systems for Agentic and Robotic Execution. Harness systems originated from software
and coding agents, where language models are embedded in execution loops with access to tools,
code interpreters, file systems, memory, tests, and feedback signals (Yao et al., 2022; Schick et al.,
2023; Shinn et al., 2023). Such systems provide an external scaffold for tool invocation, state tracking,
iterative refinement, and correction from intermediate feedback, and were later extended to executable
skill libraries, multi-agent collaboration, and software-engineering agents (Wang et al., 2023; Wu
et al., 2023; Hong et al., 2024; Wang et al., 2024; Yang et al., 2024; Wang et al., 2025; Xia et al., 2024).
This idea has recently been extended to robotics (Li et al., 2026b), where VLAs are coupled with
management and scheduling systems for data collection, execution, and self-improvement. Compared
with coding agents, robotic harnesses must operate under physical-world constraints (Xiao et al.,
2026), which inherently impose substantially greater requirements on the underlying models. Robotic
agent systems are further challenged by policy heterogeneity: different policy families exhibit distinct
capabilities, assumptions, representations, and execution regimes(Zhang et al., 2026; Dalal et al.,
2023; Huang et al., 2026a; 2022), making policy selection and coordination nontrivial. Existing
systems therefore mainly organize skills from the same policy family under fixed execution interfaces,
implicitly assuming compatible representations and in-distribution handoffs (Li et al., 2026b; Xiao
et al., 2026), without explicitly addressing heterogeneous policy orchestration or uncertain capability
boundaries. RoboHarness addresses this gap with a harness tailored to capability-aware coordination
among heterogeneous robot policies.

Long-Horizon Robot Planning and Task Decomposition. Long-horizon robot planning has
been studied through hierarchical planning, task and motion planning, skill-based planning, and
language-model-based planning (Silver et al., 2024; Liang et al., 2024; Athalye et al., 2024; Garrett
et al., 2020; Liu et al., 2024; Oswald et al., 2024; Huang et al., 2025). These methods decompose
high-level instructions into sequences of symbolic actions, primitive skills, or subtasks, reducing
the complexity of solving long-horizon manipulation tasks. Task and motion planning methods
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combine symbolic task reasoning with geometric feasibility checks with pre-designed abstract
reusable skills (Garrett et al., 2021; Kaelbling & Lozano-Pérez, 2011). Recent language-model-based
planners leverage semantic knowledge and instruction-following capabilities to generate task plans
from natural language goals and adapt them to different task contexts (Zhao et al., 2023; Yang et al.,
2025; Guan et al., 2023; Chen et al., 2024; Hu et al., 2023). However, these methods largely share the
assumption of homogeneous skills or policies with predefined, clear, and non-overlapping capabilities,
implicitly assuming that control can be transferred without additional mediation and that input and
output conditions across policies are aligned. They therefore do not address long-horizon planning
over heterogeneous policies, where task decomposition, policy assignment, and inter-policy handoff
must be reasoned about jointly.

Policy Chaining and Spatially Consistent Handoff. Skill chaining studies the distribution shift
when connecting short-horizon policies to solve long-horizon tasks, where handoffs between adjacent
policies often become a bottleneck. Prior work has studied this distribution-mismatch problem by
learning initiation sets (Konidaris & Barto, 2009; Huang et al., 2023), transition mechanisms (Lee
et al., 2019; Sahni et al., 2017; Mishra et al., 2023), or terminal-state regularizers (Lee et al., 2021) to
improve the compatibility between one policy’s terminal states and the next policy’s executable region.
These methods demonstrate that long-horizon performance is governed not only by the reliability of
individual policies, but also by the compatibility between one policy’s terminal states and the next
policy’s executable region. However, these methods are primarily training-side solutions, requiring
additional learning or policy regularization rather than online plug-and-play coordination. They also
assume a given skill set within a shared policy family with relatively clear capability boundaries,
leaving heterogeneous policy decomposition and routing largely unaddressed.

3 PROBLEM DEFINITION

We consider zero-shot long-horizon planning with a library of heterogeneous robot policies Π =
{π1, π2, . . . , πN}. Here, zero-shot refers to solving previously unseen long-horizon task compositions
without task-specific joint training of the constituent policies or their orchestration. Let X denote
the system state space, O the global observation space, and G the space of subtask instructions.
Each policy πi has a policy-specific input space Oi ⊆ O, containing the in-distribution observations
under which πi can be reliably executed, and an achievable subtask space Gi ⊆ G, containing the
subtasks that πi is capable of accomplishing. RoboHarness wraps each policy as an executable skill
and maintains a policy-specific memory bank M = {M1, . . . ,MN}, where Mi stores successful
execution trajectories of πi.

Given a high-level task instruction I , an initial state x0 ∈ X , the policy library Π, and the memory
bank M, RoboHarness seeks a sequence of subtasks τ = (g1, . . . , gT ), where gt ∈ G, a corre-
sponding policy assignment ρ = (πk1 , . . . , πkT

), where kt ∈ {1, . . . , N}, and a sequence of bridge
trajectories B = (b1, . . . , bT−1) whose joint execution completes I . Let ot ∈ O denote the observa-
tion provided to πkt at stage t. The assignment of πkt to gt is valid only if ot ∈ Okt and gt ∈ Gkt . Let
ōt denote the terminal observation produced by πkt . For each pair of consecutive policies, the bridge
trajectory bt, initialized from ōt, produces the next-stage observation ot+1 = Terminal(bt) ∈ Okt+1

.
The problem is therefore to jointly perform task decomposition, capability-aware policy assignment,
and inter-policy bridging such that the resulting execution completes I while every selected policy is
assigned an achievable subtask and receives an in-distribution input.

4 METHODOLOGY

RoboHarness is an agentic orchestration framework in which a coding agent serves as the high-level
planner and router for heterogeneous robot policies. The coding agent dynamically invokes three
types of auxiliary skills: information understanding, memory, and self-evolution. It interprets their
structured outputs to decompose long-horizon instructions, assign appropriate policies to subtasks,
and coordinate the required inter-policy handoffs. As illustrated in Figure 1, these auxiliary skills
do not replace the underlying control policies. Instead, they provide the information, memory, and
adaptation mechanisms needed for capability-aware planning and stable policy orchestration across
different execution distributions. RoboHarness preserves the native interfaces of existing policies,
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Figure 1: Overall Framework. RoboHarness integrates heterogeneous robot policies with three
auxiliary skill libraries: Understanding Skills, Memory Skills, and Evolution Skills. Understanding
Skills transform multimodal observations into rich, task-relevant information for planning and
policy selection. Memory Skills manage, retrieve, and update execution histories to support policy
coordination and handoffs. Evolution Skills use online execution evidence to update both individual
policies and the harness, forming a closed information loop that enables capability-aware planning
and stable orchestration of heterogeneous policies.

allowing independently developed policies to be combined without joint retraining or a shared action
representation. The full implementation detail of the harness system is presented in Section 11.2

4.1 UNDERSTANDING SKILLS

Understanding skills further interpret the raw inputs available to RoboHarness, including the task
instruction, visual observations, estimated object poses, robot states, and intermediate execution
results. Their purpose is not limited to scene recognition. Instead, they extract decision-relevant
information that reveals the relationship between the current task state and the capability boundaries
of the available policies. RoboHarness currently includes five types of understanding skills and can
be expanded when additional information is required. Uncertainty assessment computes the mean
and variance of estimated object poses within a sliding time window to measure temporal stability.
Visual-context assessment projects the current observation into a latent space and compares it with
visual embeddings of policy-specific training trajectories. Semantic-context assessment similarly
compares encoded task instructions and candidate subtasks with the language descriptions associated
with each policy. State-policy compatibility assessment uses the spatial distribution reconstructed by
the Memory Bridge to score the current end-effector pose and joint configuration, indicating whether
the robot state lies within the next policy’s in-distribution region; the detailed construction and
scoring procedure is described in Section 4.2. Input-quality assessment evaluates image sharpness,
exposure, noise, and task-relevant object visibility to determine whether the current observation is
sufficiently reliable. Together, these understanding skills provide structured, task-relevant evidence
that is difficult to infer reliably from raw inputs alone. The coding agent invokes the relevant skills on
demand and jointly reasons over their outputs to decompose the task and assigns each subtask to the
most-suitable policy.

4.2 MEMORY SKILLS AND MEMORY BRIDGE

Memory skills consist of two components: multimodal memory management and memory-based
inter-policy bridging.
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Figure 2: Memory Bridge. (1) The current observation and task instruction are embedded to retrieve
the top-K most relevant in-distribution trajectories from memory. (2) Robot states from the retrieved
trajectories are used to estimate a spatial state distribution, which scores how closely a state matches
the next policy’s in-distribution region. (3) Candidate states are sampled and ranked by this score to
generate a bridge trajectory toward a high-confidence state for the next policy.

4.2.1 MEMORY MANAGEMENT

The memory bank M is organized as a set of linked-node trajectories. A trajectory ξ =
(n1, . . . , nL) ∈ M consists of L temporally ordered nodes, where each node n stores a subtask
instruction g(n) ∈ G, an observation o(n) ∈ O, and a robot-state vector s(n) ∈ Rds , together with
the corresponding text and visual embeddings. Here, ds denotes the dimension of the robot-state
representation, while etext : G → Rdtext and evis : O → Rdvis denote the text and visual encoders,
respectively. Let V(M) denote the set of all nodes stored in M. Given a query subtask g ∈ G
and observation o ∈ O, RoboHarness performs hierarchical retrieval over the nodes in M. It first
retrieves the nodes whose stored instructions are most semantically relevant to g:

Ñ = TopKKtext

n∈V(M)

cos(etext(g), etext(g(n))) ,

where Ktext is the number of retrieved nodes. RoboHarness then compares the query observation
with the visual embeddings of nodes in Ñ and retrieves

N = TopKKvis

n∈Ñ
cos(evis(o), evis(o(n))) ,

where Kvis is the number of retrieved nodes, TopKK returns the K elements with the highest
similarity values, and cos(a,b) denotes cosine similarity. We denote the overall memory retrieval
function by

RetrieveM(g, o) = N ,

where N is the set of nodes returned by the hierarchical text–visual retrieval process described
above. Information from these retrieved nodes is provided to downstream auxiliary skills and used
for Memory Bridge construction.

Separately, RoboHarness maintains global historical statistics that summarize policy execution
outcomes across different tasks, providing empirical evidence for capability estimation and policy
assignment. Both the linked-node trajectories and the execution statistics are continuously updated
after each rollout.

4.2.2 MEMORY BRIDGE

The Memory Bridge handles inter-policy transitions for which the terminal observation ot produced
by πkt does not lie within the input space Okt+1 supported by πkt+1 . Given the upcoming subtask
gt+1 and ot, RoboHarness retrieves a set of relevant anchor nodes as Nt = RetrieveM+∞(gt+1, ot).
Based on these nodes, the Memory Bridge constructs a local progress function and generates a bridge
trajectory bt that guides the robot toward a handoff state whose observation lies within Okt+1

before
invoking πkt+1

. The procedure consists of three stages.

Spatial distribution construction. Let Nt = {n1,0, . . . , nK,0}, where K = |Nt| and ni,0 denotes
the i-th retrieved node, which is regarded as an anchor node serving as the temporal reference
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for trajectory expansion and progress scoring. RoboHarness expands each anchor along its linked
trajectory over a temporal horizon l ∈ N in both the forward and backward directions. Let ni,j

denote the node linked to ni,0 at temporal offset j ∈ {−l, . . . , l}. Each anchor is assigned a score
of zero, while its linked nodes are assigned scores according to their temporal offsets. Specifically,
RoboHarness constructs the robot-state–score pairs

(si,j , yi,j) = (s(ni,j), j∆t) , i ∈ {1, . . . ,K}, j ∈ {−l, . . . , l},
where ∆t > 0 denotes the time interval between adjacent nodes, si,j ∈ Rds is the robot state stored
in ni,j , and yi,j ∈ R is its assigned progress score. These pairs are used to train a lightweight
progress estimator fscore,t, where fscore,t(s) predicts the local progress of state s. Let Sret,t = {si,j}
denote the expanded robot-state samples. RoboHarness then constructs the local support region
Rconf,t =

{
s ∈ Rds

∣∣ d(s,Sret,t) ≤ ϵ
}

, where ϵ > 0 is the support threshold and d(s,Sret,t) =
mins̄∈Sret,t∥s− s̄∥2 denotes the distance from s to its nearest expanded memory state. The region
Rconf,t restricts the learned progress function to states locally supported by the retrieved memory.

Spatial state scoring. RoboHarness uses fscore,t to evaluate candidate robot states within Rconf,t.
States outside this region may be traversed during bridge execution but are not considered valid
handoff targets, since their progress estimates are not sufficiently supported by the retrieved memory.
Within Rconf,t, the sign of fscore,t(s) indicates the estimated local progress of s relative to the
retrieved anchors: a positive value indicates greater task progress, whereas a negative value indicates
less task progress. Thus, fscore,t measures relative progress, while Rconf,t defines the set of admissible
handoff states supported by the next policy’s retrieved execution experience.

Bridge trajectory generation. Let st ∈ Rds denote the post-execution robot state of πkt
, and let

Splan,t ⊆ Rds denote the set of states that can be feasibly connected from st by the adopted motion
planner. RoboHarness selects the handoff target robot state

s∗t = argmax
s

[fscore,t(s)− λmotionCmotion(st, s)] ,

s.t. s ∈ Rconf,t ∩ Splan,t and fscore,t(s) ≥ 0

where Cmotion : Rds × Rds → R≥0 measures the motion cost between two robot states and
λmotion ≥ 0 controls its contribution. The support constraint ensures that the selected target lies
within the execution distribution represented by the retrieved memory, while the nonnegative-score
constraint restricts the target to states exhibiting forward progress relative to the retrieved anchors.
RoboHarness then invokes an off-the-shelf motion planning policy to generate a feasible bridge
trajectory bt connecting st to s∗t before executing πkt+1 . The resulting handoff is stored in M together
with its associated instruction, visual observation, and robot-state trajectory, enabling its nodes to be
retrieved through RetrieveM and reused for similar inter-policy transitions.

4.3 SELF-EVOLUTION SKILLS

Self-evolution skills adapt RoboHarness using online execution evidence through four types of
updates. Policy adaptation incorporates off-the-shelf adaptation methods to extend individual policy
capabilities, such as SIMPACT (Liu et al., 2026) for grasp-pose adjustment and PDDLLM (Huang
et al., 2025) for learning new logical representations online. Harness refinement employs the coding
agent to modify the orchestration structure, including task-routing strategies, skill-invocation rules,
and inter-skill coordination. Parameter tuning adjusts hyperparameters through grid search, includ-
ing memory-retrieval settings, state-scoring thresholds, and bridge-acceptance criteria. Metadata
update revises policy capability metadata based on newly observed successes and failures. All four
self-evolution mechanisms are enabled in the simulated experiments, but updates are triggered only
when the system encounters persistent execution failures rather than after every rollout. In such cases,
the memory skills retrieve relevant failure histories and execution evidence and provide them to the
coding agent, which determines whether policy adaptation, harness refinement, parameter tuning,
metadata update, or a combination of these mechanisms should be applied. Validated updates are re-
tained across evaluation episodes, allowing RoboHarness to accumulate experience and progressively
adapt to new tasks, objects, scenes, and environments.

4.4 HETEROGENEOUS POLICIES AS AGENTIC SKILLS

RoboHarness wraps each heterogeneous robot policy as a callable agentic skill consisting of the
policy itself and an associated policy card. Each policy retains its native implementation, inputs,
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Table 1: LIBERO task following and LIBERO-Plus perturbation robustness. The Original column
reports performance on the original LIBERO benchmark. Each entry reports the success rate (%).
The best and second-best results are shown in bold and underlined, respectively.

Model Original Robot State Language Layout Background Sensor Camera Light Average

RoboHarness (ours) 98.7 90.4 97.0 86.8 97.1 90.3 87.6 97.4 93.2
π0.5 96.9 75.4 85.6 85.7 94.6 89.7 75.4 96.9 85.7
π0 94.2 61.0 63.5 76.4 79.0 80.1 61.0 85.0 53.6
UniVLA 95.2 46.2 77.6 31.9 81.0 21.2 1.8 69.0 42.9
OpenVLA-OFT 97.6 21.7 81.0 68.7 91.0 78.6 55.6 92.7 67.9
X-VLA 98.1 89.7 75.7 71.8 96.0 62.7 23.4 88.2 71.4
Cosmos-Policy 98.5 63.3 81.7 82.2 88.9 92.7 75.8 96.5 82.2
FAST-WAM 97.6 44.5 68.9 60.7 53.7 37.7 16.4 78.2 51.5
LingBot-VA 98.5 83.0 86.4 76.2 53.1 64.4 40.9 82.3 69.5

and outputs without requiring a shared action representation, while the policy card records its type,
capabilities, interface requirements, constraints, assumptions, training tasks, and historical statistics
that summarize policy execution outcomes. The coding agent can also directly inspect the policy’s
implementation code to reason about capabilities and compatibility beyond the summarized metadata.
This representation enables fundamentally different policies, such as VLAs, task-and-motion planners,
and specialized RL policies, to be compared and composed at the planning level. As new execution
evidence accumulates in memory, RoboHarness continuously updates each policy card to refine its
capability boundaries and support subsequent planning and policy assignment.

5 EXPERIMENTAL SETUP AND BASELINES

We evaluate RoboHarness against diverse baselines on three public benchmarks and in 135 real-robot
trials. The coding agent is implemented using Codex powered by GPT-5.5. Further implementation
details, including the heterogeneous policy checkpoints and skill implementations, are provided in
Section 11.2.

5.1 EXPERIMENTAL SETUP

Heterogeneous Policies in Simulated Benchmarks RoboHarness is equipped with three indepen-
dently developed policies with complementary capabilities unless explicitly specified: (1) an open-
source π0.5 checkpoint trained on LIBERO-Spatial, LIBERO-Goal, LIBERO-Long, and LIBERO-
Object (Black et al., 2025); (2) an open-source OpenVLA-OFT checkpoint (Kim et al., 2025),
post-trained with Group Relative Policy Optimization (GRPO) (Shao et al., 2024) on the LIBERO-90
tasks using RLinf (Zang et al., 2025); and (3) a TAMP planner designed for geometrically constrained
pick-and-place tasks over a predefined object set.

Simulated Evaluation on Benchmarks We evaluate RoboHarness on three public benchmarks
that examine complementary aspects of RoboHarness. LIBERO evaluates general task-following
performance (Liu et al., 2023), while LIBERO-Plus evaluates out-of-distribution robustness and how
accurately RoboHarness characterizes the capability boundaries of its constituent policies (Fei et al.,
2025). LIBERO-LoHo targets zero-shot long-horizon planning, comprising tasks with an average
horizon approximately four times longer than those in the original LIBERO benchmark (Huang
et al., 2026a). In addition to the benchmarks described above, we designed In addition, we designed
500 more complex simulated tasks across 10 task types, each requiring the integration of multiple
heterogeneous policies. Since many tasks in existing public benchmarks can be solved by a single
policy, they do not fully evaluate the robustness of multi-policy integration or the stability of inter-
policy handoffs. Full details of the tasks are available in Section 11.1.

Real Robot Experiments We further conducted 135 real-robot experiments across five challenging
task classes and four type of disturbances, each requiring the coordinated use of multiple heteroge-
neous policies. Given the available blocks and a language instruction, RoboHarness must reason
about the requested structure and generate an assembly plan for constructing structures such as a short
bridge, a tall bridge, a Chinese character, or a boat. Some required blocks are initially hidden inside a
cabinet, requiring the robot to open the cabinet, explore its contents, and retrieve the missing blocks.
Our real-robot system integrates a TAMP planner with a VLA policy(π0.5): the TAMP planner inter-
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Table 2: LIBERO-LoHo zero-shot long-horizon evaluation. Each entry reports the progress score /
success rate (%). The best and second-best results for each metric are shown in bold and underlined,
respectively.

Method Task 1 Task 2 Task 3 Task 4 Task 5 Average

RoboHarness (ours) 100.0 / 100.0 97.3 / 96.0 98.7 / 96.0 94.7 / 92.0 97.0 / 92.0 97.5 / 95.2
H-WM-π0.5 98.0 / 94.0 86.7 / 60.0 74.0 / 46.0 70.7 / 42.0 95.0 / 82.0 84.9 / 64.8
Logic-guided π0.5 95.3 / 86.0 84.7 / 58.0 54.7 / 16.0 39.3 / 4.0 92.0 / 78.0 73.2 / 48.4
LLM-guided π0.5 84.7 / 54.0 80.7 / 42.0 68.0 / 24.0 41.3 / 4.0 59.5 / 10.0 66.8 / 26.8
π0.5 66.0 / 4.0 73.3 / 24.0 54.7 / 4.0 44.7 / 0.0 38.0 / 0.0 55.3 / 6.4
π0 54.0 / 0.0 62.0 / 28.0 44.0 / 0.0 31.3 / 0.0 34.0 / 0.0 45.1 / 5.6
X-VLA 48.8 / 0.0 16.7 / 0.0 23.3 / 0.0 33.3 / 0.0 40.0 / 0.0 32.4 / 0.0
GR00T-N1.5 0.0 / 0.0 30.7 / 0.0 34.7 / 0.0 2.7 / 0.0 0.0 / 0.0 13.6 / 0.0
OpenVLA-OFT 0.0 / 0.0 60.0 / 0.0 17.3 / 0.0 22.7 / 0.0 0.0 / 0.0 20.0 / 0.0
OpenVLA 0.0 / 0.0 2.7 / 0.0 24.0 / 0.0 2.7 / 0.0 0.0 / 0.0 5.9 / 0.0

prets the request and generates the corresponding assembly plan, while the VLA handles contact-rich
cabinet-opening and cabinet-closing operations that are difficult to model within TAMP. To further
evaluate robustness, we introduce four types of execution-time disturbances: hiding required blocks
again during execution, breaking the task progress by dismantling a partially completed structure,
injecting perception noise into pose estimates, and introducing distracting objects into the scene.

5.2 BASELINES

We compare RoboHarness with a comprehensive set of baselines spanning three representative
methodological categories. The VLA baselines comprise π0.5 (Black et al., 2025), π0 (Black et al.,
2024), UniVLA (Bu et al., 2025), X-VLA (Zheng et al., 2025), OpenVLA-OFT (Kim et al., 2025),
and GR00T-N1.5 (Bjorck et al., 2025). We further consider three world-action models, including
LingBot-VA (Li et al., 2026a), Fast-WAM (Yuan et al., 2026), and Cosmos Policy (Kim et al., 2026).
We also include three hierarchical planning approaches, H-WM (Huang et al., 2026a), LLM-guided
VLA (Shi et al., 2025), and logic-guided VLA (Huang et al., 2026a). Together, these comparisons
position RoboHarness against both end-to-end policies and methods explicitly designed for long-
horizon decision-making. The evaluation results were obtained from the benchmark evaluation
of Huang et al. (2026a) and Zhang et al. (2026)

6 RESULTS

In this section, we present the evaluation results to answer the following questions. RQ1: Can
RoboHarness effectively coordinate heterogeneous policies to accomplish diverse robotic tasks?
RQ2: Can RoboHarness enable zero-shot generalization to long-horizon robotic tasks requiring the
composition of heterogeneous policies? RQ3: Can RoboHarness improve robustness under diverse
out-of-distribution perturbations? RQ4: Can RoboHarness accurately characterize the capability
boundaries of heterogeneous policies and dynamically route subtasks accordingly?

RQ1: Coordination of heterogeneous policies. We first evaluate RoboHarness on the original
LIBERO benchmark, which contains diverse language-conditioned manipulation tasks. As shown
in the Original column of Table 1, RoboHarness achieves a success rate of 98.7%, outperforming
all baselines. Notably, RoboHarness coordinates π0.5 and OpenVLA-OFT, surpassing these two
constituent policies by 1.8 and 1.1 percentage points, respectively. This improvement shows that
RoboHarness effectively exploits their complementary capabilities through capability-aware policy
selection and composition.

RQ2: Zero-shot long-horizon generalization. Table 2 reports the results on LIBERO-LoHo, where
each task contains a substantially longer sequence of dependent subtasks and requires complementary
capabilities beyond those of any single underlying policy. RoboHarness achieves the best result on
every task, with an average progress score of 97.5% and an average success rate of 95.2%, outper-
forming all baselines. RoboHarness also substantially outperforms all of its underlying policies.
In particular, the nonzero progress scores of π0.5 and OpenVLA-OFT demonstrate their ability
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Figure 3: (a) Usage ratios of the underlying policies across LIBERO-Plus perturbation categories. (b)
Relationship between the VLA invocation ratio and its standalone performance across perturbation
categories.

to complete individual subtasks, while their low success rates show that completing long-horizon
tasks requires these complementary capabilities to be properly composed. High-level guidance
improves π0.5 but remains substantially below RoboHarness, indicating that task decomposition
alone cannot overcome missing policy capabilities or incompatible intermediate states. RoboHar-
ness addresses both limitations through capability-aware routing and reliable inter-policy handoffs,
enabling heterogeneous policies to solve tasks that none can complete independently.

RQ3: Robustness to perturbations. Table 1 reports performance under seven perturbation cat-
egories in LIBERO-Plus. RoboHarness achieves the highest average success rate of 93.2% and
ranks first in six of the seven categories. It also consistently outperforms its underlying policies,
π0.5 and OpenVLA-OFT, demonstrating that RoboHarness improves their out-of-distribution task-
execution robustness rather than merely inheriting their individual capabilities. The particularly
large improvement under robot-state perturbations demonstrates that the Memory Bridge can guide
out-of-distribution robot states back toward the VLA’s training distribution. The improvement under
language perturbations shows that the understanding skills can interpret ambiguous or imprecise
instructions and translate them into subgoals compatible with the VLA’s capabilities. Similarly, the
gain under camera-viewpoint changes indicates that RoboHarness can interpret viewpoint shifts
and dynamically adjust policy routing according to each policy’s robustness to such changes. The
improvements are smaller under sensor noise because this perturbation directly degrades the input
images, limiting the ability of the understanding skills to extract reliable task information. Gains
under layout perturbations are also constrained because the benchmark includes cases in which
objects fall outside the robot’s reachable workspace, making task completion impossible regardless
of the system’s decisions.

RQ4: Capability-aware policy routing. We conduct an additional experiment on LIBERO-Plus
to examine whether RoboHarness can characterize context-dependent policy capability boundaries
and adapt its routing decisions accordingly. All tasks in this benchmark are within the nominal
capability of π0.5 and can be completed by the policy under suitable execution conditions. To isolate
the relationship between the VLA’s standalone capability and its invocation frequency, we use only
π0.5 and the TAMP system as the underlying heterogeneous policies. This setup allows variations in
the VLA usage ratio to primarily reflect changes in its reliability under different perturbations rather
than differences in task coverage. As shown in Figure 3(a), RoboHarness substantially adjusts policy
usage across perturbation categories. It invokes π0.5 most frequently under lighting, background,
and layout changes, where the policy exhibits strong standalone robustness, while relying more
heavily on TAMP under robot-state, camera-viewpoint, and language-instruction perturbations,
where π0.5 performs less reliably. This routing pattern reflects the context-dependent strengths and
limitations of the underlying policies rather than a fixed invocation rule. Figure 3(b) further shows a
clear positive relationship between the VLA invocation ratio and its standalone success rate across
perturbation categories. Sensor noise is the primary outlier because degraded visual observations
limit the reliability of the information available to the coding agent for capability assessment and
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routing. Overall, these results demonstrate that RoboHarness can infer how policy reliability changes
with the execution context and dynamically route subtasks to the policy better suited to the current
perturbation.

7 ABLATION STUDY

RQ5: How does each component contribute to the performance of RoboHarness?
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Figure 4: Success rate and progress score of the
ablated systems.

RQ5: Contribution of System Components.
We conducted the ablation study on 500 custom-
designed, long-horizon manipulation tasks that
require the integration of heterogeneous underly-
ing policies for successful completion. Results
in Figure 4 reveal that the three auxiliary mod-
ules address distinct failure modes in heteroge-
neous policy orchestration. Removing the Un-
derstanding Skills causes the most fundamental
degradation because incomplete task and scene
interpretation propagates into incorrect decom-
position and policy assignment. Without the
Evolution Skills, RoboHarness can still perform
initial planning but cannot refine its estimates
of policy capability boundaries from execution
experience, making it prone to repeated routing
errors under unfamiliar conditions. In contrast,
removing the Memory Bridge preserves relatively strong task progress but frequently prevents full
task completion, indicating that appropriate policy selection does not guarantee that the output state of
one policy is suitable for the next. The Memory Bridge therefore primarily converts correct high-level
orchestration into reliable execution by stabilizing inter-policy handoffs. Finally, the single-policy
variants can solve only the task segments aligned with their individual capabilities, confirming that
long-horizon performance arises from both the complementary capabilities of heterogeneous policies
and the auxiliary modules that understand, coordinate, and adapt their use.

8 REAL ROBOT EXPERIMENTS

We conducted 135 real-robot experiments: 15 for each of five target structures and 15 under each
of four disturbance settings. In each construction trial, one to three required blocks were randomly
hidden inside a cabinet, requiring RoboHarness to identify and retrieve them using the VLA before
transferring control to TAMP for assembly. As is shown in Figure 5, RoboHarness performed
consistently across all structures, with relatively lower success on the Taller Bridge due to its
structural complexity and physical instability. We further evaluated the four disturbances on the
Bridge task. Re-hiding blocks caused the largest degradation, reducing success from 86.7% to 66.7%,
as repeated exploration and replanning frequently exceeded the time limit. RoboHarness retained
80.0% success after a partially completed structure was dismantled, demonstrating online reactivity
and replanning. Under 5%–10% random errors in object-pose estimates, it achieved 73.3% success,
showing tolerance to moderate perception errors. Distracting blocks had minimal effect, with success
remaining at 86.7%, indicating robust identification of task-relevant objects.

9 LIMITATIONS AND FUTURE WORK

RoboHarness is constrained by the collective capabilities of its underlying policy library: orchestration
can combine complementary strengths but cannot solve subtasks that fall outside the capabilities of
all available policies. Moreover, capability characterization and Memory Bridge construction rely
on accumulated execution evidence and may be unreliable when a policy is newly introduced or
relevant experience is sparse. Although the current implementation uses a fixed set of heterogeneous
policies and auxiliary skills, RoboHarness is policy-agnostic and extensible to other policy families.
Future work will expand the policy library to include more diverse systems, such as navigation
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(a) Real Robot Experiment Example

(b) Task success rate across various target structures

(c) Task success under different disturbances

Figure 5: (a) Real robot experiment examples. (b) Overall success Rate of various target structure.
(c) Overall success rate under different disturbances

policies, model predictive controllers, and world-action models. Another direction is to automate
the integration of new policies, enable the discovery of new auxiliary skills, and support online
policy training for previously unsupported scenarios, allowing RoboHarness to continually expand
its capabilities. Incorporating additional sensory modalities, such as tactile feedback, could further
improve capability characterization and support scalable deployment in open-world environments.

10 CONCLUSION

We presented RoboHarness, a unified framework for orchestrating heterogeneous robot policies in
zero-shot long-horizon manipulation. RoboHarness represents independently developed policies as
callable agentic skills and employs Understanding, Memory, and Evolution Skills to interpret the
current context, characterize policy capability boundaries, select complementary policies, and refine
orchestration using execution experience. The Memory Bridge further mediates distribution mismatch
between consecutive policies, enabling their native implementations to be chained without joint
retraining or a shared action representation. Evaluations on LIBERO, LIBERO-Plus, LIBERO-LoHo,
500 custom-designed long-horizon tasks, and 135 real-robot trials demonstrate that heterogeneous
policies become substantially more effective when supported by capability-aware planning and stable
inter-policy handoffs. These results position RoboHarness as a promising path toward integrating
specialized robot intelligence into adaptive and general-purpose long-horizon systems.
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11 APPENDIX

11.1 CUSTOMIZED TASKS

In this section, we provide full details of the custom-designed tasks used in this paper, including both
simulated and real-robot tasks.

11.1.1 SIMULATED TASKS

We design 500 simulated task instances with longer execution horizons, ambiguous instructions,
relational or state-dependent instructions, and frequent switching among heterogeneous policies.
These tasks combine object rearrangement, articulated-object manipulation, spatial reasoning, multi-
object handling, and state-changing interactions. These tasks are designed to evaluate the contribution
of each system component when no single underlying policy can accomplish the complete task. The
results are reported in the ablation study in Section 7. There are 10 total classes for of the tasks, each
class includes 50 randomly initialized tabletop configurations. The details of the ten classes are listed
below:

1. Open the top drawer of the cabinet, place the middle bowl inside it, and place the remaining
bowls on the plate.

2. Place the butter and chocolate pudding in the pan, turn on the stove, and finally place the
pan on the stove.

3. Stack the bowl on the cabinet onto the ramekin, place the bowl on the stove onto the plate,
and place the cookies on the cabinet.

4. Place both bowls on the microwave and close the microwave.

5. Place the bowl in the top drawer, close the drawer, and place the ketchup on the plate.

6. Place the ramekin on the stove, retrieve the Akita black bowl from the open top drawer of
the wooden cabinet and place it on the plate, and place the cookies in the open drawer.

7. Place the bowl on the stove, turn on the stove, place the cream cheese on the bowl, and place
the wine on the rack.

8. Collect the cookies, alphabet soup, cream cheese, and butter, and place them in the tray.

9. Place the side bowl on the cabinet, the center bowl on the plate, and the ramekin on the
stove.

10. Switch the position of the left bowl and popcorn, and collect the other bowl on the cabinet.

These tasks test several challenges beyond standard single-stage manipulation. First, expressions
such as “the middle bowl,” “the remaining bowls,” “the side bowl,” and “the already-open top drawer”
require grounding objects through their spatial relations and current scene state rather than fixed
object identities. Second, the mixed and long-horizon requirement require the system to coordinate
different underlying heterogeneous policies to accomplish the full task. Third, many instructions
contain ordering dependencies: containers must be opened before objects are inserted, appliances
must be activated at the appropriate stage, and intermediate placements alter the scene for subsequent
subtasks. Finally, the combination of semantic interaction, geometric placement, and multi-step task
reasoning requires RoboHarness to alternate between policies with complementary capabilities and
maintain execution consistency across their handoffs.

11.1.2 REAL ROBOT EXPERIMENT

Five different target structures: Using UR5e, We conducted 135 real-robot trials across five
structure-construction tasks and four execution-time disturbance settings, with 15 trials for each
setting. The full process of the experiment is shown in Figure 6. The five task classes are Bridge,
Taller Bridge, Tower, Chinese Character, and Boat. The Bridge uses short blocks as lower piers,
long blocks as vertical supports, and flat blocks as the bridge deck. The Taller Bridge increases the
structural complexity by stacking two layers of long blocks to support an elevated deck. The Tower
is a three-level structure constructed by arranging short and long blocks in a staggered configuration.
For the Chinese Character task, one of four characters, is randomly selected as the target structure for
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Figure 6: Full process of the real-robot experiment

each trial. The Boat is constructed by stacking blocks from short to long to form the hull and cabin,
with a long block placed vertically on top as the mast.

In each trial, RoboHarness receives a language instruction describing the target structure and observes
the blocks available in the workspace. It must infer the required block configuration, identify missing
components, and generate a long-horizon assembly plan. Some required blocks are initially hidden
inside a storage cabinet, requiring the robot to open the cabinet, actively explore its contents, and
retrieve the missing blocks before completing the structure.

Our real-robot system integrates a TAMP planner with a VLA policy, π0.5, fine-tuned on 50 human-
demonstrated trajectories each for opening and closing cabinet drawers. The TAMP planner performs
structural reasoning and generates the geometrically precise sequence of pick-and-place operations
required for assembly. When RoboHarness determines that a required block is hidden, it transfers
control to π0.5 through the Memory Bridge. The VLA handles contact-rich interactions that are
difficult to model explicitly within TAMP, including opening, closing the cabinet, and exploring its
contents. Control is then transferred back to TAMP, which updates the object state and resumes the
remaining assembly sequence. This workflow requires repeated capability-aware routing and stable
handoffs between semantic, contact-rich exploration and precise long-horizon construction.

Execution-Time Disturbances: We further evaluate robustness by introducing four disturbances
during execution: (1) re-hiding required blocks after the initially hidden blocks have been retrieved,
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forcing RoboHarness to detect the newly missing components and repeat the exploration procedure;
(2) dismantling a partially completed structure, requiring the system to reassess task progress and
replan the assembly; (3) injecting 5%-10% relative percentage noise into object-pose estimates to
test robustness to perception errors; and (4) introducing distracting objects into the workspace to
evaluate task-relevant reasoning and object selection. These disturbances test whether RoboHarness
can recognize unexpected state changes, update its plan, reroute subtasks to appropriate policies, and
recover without restarting the entire task.

Implementation Details. Our real-robot system is implemented on a UR5e manipulator and
integrates a TAMP policy with a π0.5 VLA policy. The TAMP policy uses the UR5e low-level
control API for robot execution, PDDLStream (Garrett et al., 2020) for symbolic task reasoning
and continuous motion-parameter sampling, and an ArUco-marker-based perception pipeline for
object-pose estimation. It is responsible for reasoning about the required blocks and executing
geometrically constrained pick-and-place operations during structure construction. The VLA policy is
initialized from the official pi05_libero checkpoint and fine-tuned using 50 human-demonstrated
trajectories for each of drawer opening and drawer closing. It handles the contact-rich cabinet
interactions required to explore the drawer.

11.2 DETAILS OF AUXILIARY SKILL MODULES

11.2.1 UNDERSTANDING SKILLS

• Uncertainty Assessment. Aggregates perception outputs over a temporal window to
estimate the mean and variance of object poses. These uncertainty statistics are provided to
the coding agent to support uncertainty-aware planning and decision-making.

• Visual Context. Uses two frozen visual encoders,
(1) google/siglip2-base-patch16-224, (2) facebook/dinov2-base,
to extract visual embeddings for comparison with those stored in memory. The similarities
computed by the two encoders are combined through a weighted sum, producing the final
similarity score used as the retrieval key. The above models are pulled from Hugging Face.

• Semantic Context. Uses a frozen language encoder, BAAI/bge-large-en-v1.5,
to extract semantic embeddings from textual context and compare them with semantic
embeddings stored in memory. The above models are pulled from Hugging Face.

• Quality Assessment. Evaluates observation quality using conventional image-processing
algorithms. Exposure is measured from the mean grayscale intensity and the proportions
of underexposed and overexposed pixels, whose intensities fall below or above predefined
thresholds. Image sharpness is quantified by the variance of the Laplacian response, while
contrast is measured by the standard deviation of grayscale intensities. Image entropy
is additionally computed from the intensity histogram to estimate the amount of visual
information. The normalized metrics are combined into an overall quality score and provided
to the coding agent for observation selection and reliability-aware decision-making.

• State–Policy Compatibility. Constructs a Memory Bridge for each candidate policy and
evaluates the compatibility of the current robot state with the policy’s execution distribution.

11.2.2 MEMORY SKILL IMPLEMENTATION DETAILS

The memory skill library mainly consists of three components: memory retrieval, memory update,
and the Memory Bridge. The key mechanisms underlying memory retrieval and the Memory Bridge
are described in the main paper. In this section, we provide further implementation details on the
data structure used for memory update and present a representative run-time example of the Memory
Bridge.

Memory Data Structure. As illustrated in Figure 7, the memory is organized as a collection of
linked-node trajectories, with each trajectory recording a complete policy rollout from its initial
observation to its terminal state. Nodes are connected in temporal order, allowing the system to recover
both the preceding and subsequent execution context from any retrieved node. Each node stores the
current visual observation, active task prompt, robot state, and their corresponding embeddings. The
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Figure 7: Memory Data Structure

robot state includes the joint configuration and end-effector pose. Visual embeddings extracted by
the frozen SigLIP2 and DINOv2 encoders and semantic embeddings extracted by the frozen BGE
encoder are stored alongside the raw data to support efficient multimodal retrieval. After each rollout,
the recorded nodes are linked chronologically and added to the memory as a new trajectory.

Memory Bridge Example. Figure 8 presents a representative run-time example of the Memory
Bridge. The practical progress estimator algorithm adopted in our experiment is Pairwise Ranking
(SVM). When control is transferred between two policies, the terminal robot state produced by
the preceding policy may be incompatible with the execution distribution of the subsequent policy.
The Memory Bridge retrieves relevant trajectories associated with the next subtask and uses their
robot states to characterize the state distribution preferred by the incoming policy. It then scores the
current robot state against this distribution and generates a bridge trajectory toward a state with higher
compatibility. The resulting state provides the incoming policy with a familiar initialization, enabling
a stable policy handoff without jointly retraining the heterogeneous policies.

11.2.3 EVOLUTION SKILL IMPLEMENTATION DETAILS

The evolution skill library contains four components: policy adaptation, harness refinement, parameter
tuning, and metadata update. These components use execution outcomes and retrieved experience to
improve both the underlying policies and their orchestration within RoboHarness.

• Policy Adaptation. We implement SIMPACT (Liu et al., 2026) and PDDLLM (Huang et al.,
2025) as policy-adaptation methods for the TAMP system. SIMPACT adapts motion-level
parameters, such as object grasp poses, based on execution feedback, while PDDLLM
extends the symbolic task model by learning new logical representations from observed
interactions. These methods enable the TAMP system to handle previously unsupported
objects, relations, and task conditions.

• Harness Refinement. RoboHarness uses Codex with GPT-5.5 to refine the orchestration
code online. Based on execution traces, runtime errors, and discrepancies between expected
and observed outcomes, the coding agent identifies implementation bugs, repairs policy in-
terfaces, and optimizes policy-routing and coordination logic. The modified implementation
is evaluated through subsequent execution before being retained.

• Parameter Tuning. Each tunable continuous parameter is discretized into a set of bins
forming a search grid. Instead of directly modifying its value, the coding agent only predicts
a movement direction on the grid, such as increasing, decreasing, or retaining the current
setting. A separate tuning module converts this decision into the corresponding grid value
and applies the update. Tunable parameters include the hyperparameters of all underlying
policies and the Memory Bridge, such as retrieval settings, state-scoring thresholds, and
bridge-trajectory acceptance criteria.

• Metadata Update. This component continually refines each policy’s capability metadata
using newly observed successes and failures. It records the task and execution contexts
in which each policy performs reliably or fails, including relevant objects, scenes, task
types, and environmental conditions. The updated metadata is stored in memory and used in
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Figure 8: Memory Bridge Example

subsequent planning and policy-routing decisions to progressively characterize each policy’s
capability boundaries.

11.2.4 UNDERLYING HETEROGENEOUS POLICIES

We incorporate three policies that were developed and trained independently and exhibit complemen-
tary capabilities:

• π0.5. We use the official pi05_libero checkpoint released by Physical Intelligence
(https://github.com/Physical-Intelligence/openpi). This checkpoint
was fine-tuned on LIBERO-Spatial, LIBERO-Goal, LIBERO-Long, and LIBERO-Object,
providing broad language-conditioned manipulation capabilities (Black et al., 2025).
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• OpenVLA-OFT. We use the RLinf/RLinf-OpenVLAOFT-GRPO-LIBERO-90
checkpoint released on Hugging Face. This checkpoint was post-trained with GRPO on the
90 short-horizon tasks in LIBERO-90 using the RLinf reinforcement-learning framework.

• TAMP Planner. We implement a TAMP planner for geometrically constrained pick-and-
place tasks over a predefined object set. At the task level, we use the Planning Domain
Definition Language (PDDL) to represent object types, predicates, and manipulation actions
with their preconditions and effects, while each problem instance specifies the available
objects, initial state, and task goal. Our implementation uses PDDL for symbolic task
representation and the Fast-Forward (FF) planner (Hoffmann & Nebel, 2011) with Python
interface provided by PDDLStream (Garrett et al., 2020), which connects symbolic PDDL
planning with Python-based sampling procedures for continuous quantities such as grasp
poses, placement poses, and robot configurations. The planner generates high-level actions,
such as picking, placing, stacking, and aligning objects, and grounds each action through
motion planning using the estimated object poses. This combination supports precise and
interpretable manipulation but is less flexible for contact-rich interactions and objects not
covered by the predefined domain.

Together, these policies provide complementary semantic, reactive, and model-based planning
capabilities for evaluating heterogeneous policy orchestration.
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