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ABSTRACT

Continual learning requires models to accumulate past experience and transfer it
to new tasks. Despite substantial research on continual learning, existing work
remains largely confined to non-embodied settings, without extending to embod-
ied environments. To address this gap, we introduce EmbodiedCLBench, the first
benchmark in embodied simulation for evaluating the continual learning capabil-
ity of self-evolving agents. With compositional generalization as the core eval-
uation principle, our benchmark evaluates whether agents can first learn from
basic tasks and then recombine the acquired skills to solve complex, unseen ad-
vanced tasks. Based on EmbodiedCLBench, we conduct extensive experiments
across multiple agent harnesses and learning methods, revealing consistent lim-
itations and distinctive behaviors. Our results show that while advanced tasks
can be hardly solved under zero-shot setting, the experience from basic tasks en-
ables consistent improvement. Such benefit from the experience remains stable
even if the task complexity increases. However, this improvement does not scale
accordingly with the number of learning samples, and current agents cannot ex-
tract meaningful information from additional experience. Collectively, our find-
ings highlight continual learning as a fundamental yet underexplored capability,
and our benchmark offers valuable resources for designing effective self-evolving
agents in embodied environments. Our code and dataset are available at https:
//pku-value-lab.github.io/EmbodiedCLBench-homepage.

1 INTRODUCTION

Self-evolving agents (Gao et al., 2025; Fang et al., 2025) can accumulate experience from past
interactions and progressively enhance their task performance without additional human supervi-
sion. Such agents are capable of retaining and transferring skills across tasks over time, a capability
broadly termed continual learning (Zheng et al., 2025b). This capability is particularly important
for embodied intelligence (Liu et al., 2025a; Yifan et al., 2025; Liu et al., 2025b), where agents are
expected to operate in complex, ever-changing physical environments that cannot be fully antici-
pated at training time. It is therefore important to develop a principled approach for evaluating the
capability to learn from prior interactions and transfers the acquired skills to new tasks.

Existing benchmarks in continual learning and embodied intelligence partially address this evalua-
tion goal. Research on continual learning has largely focused on non-embodied settings, including
knowledge-intensive tasks (Gao et al., 2026), interactive digital environments (Jiang et al., 2026),
and long-term simulated worlds (Cai et al., 2025). These platforms do not capture the spatial com-
plexity and physical constraints inherent in embodied tasks. Meanwhile, embodied benchmarks
evaluate capabilities such as scene perception (Wang et al., 2024), visual navigation (Anderson
et al., 2018), robotic manipulation (Gu et al., 2023), and long-horizon task planning (Shridhar et al.,
2020), but are not specifically designed to assess continual learning. Therefore, there remains a lack
of a dedicated benchmark for evaluating whether self-evolving agents can accumulate experience
and transfer it to solve novel tasks in embodied environments.
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Basic Tasks Continual Learning Advanced Tasks
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1 Pick up object
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3 Open drawer

1 Clean up the room

2 Set the table
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Experience Accumulation
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Advanced Task Solving
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by combining learned basic tasks.

Figure 1: Compositional generalization is leveraged as a principled way to measure continual
learning capability. An agent that has experience from basic tasks should recombine previously ac-
quired skills to solve novel, unseen advanced tasks, rather than learning each new task from scratch.

To address this gap, we introduce EmbodiedCLBench, the first benchmark in embodied simulation
for evaluating the continual learning capability of self-evolving agents. As illustrated in Figure 1,
our design stems from compositional generalization (Furuta et al., 2023; Guo et al., 2025). Instead of
learning every new task from scratch, a self-evolving agent should recombine previously acquired
skill elements to solve novel, unseen tasks. We thus consider compositional generalization as a
principled way to measure agent continual learning capability. Specifically, we first assign a set of
basic tasks for the agent to execute and learn the skills. We then test whether the agent can effectively
leverage such experience to solve unseen advanced tasks that require recombining the learned skills.
From this perspective, basic tasks serve as test-time learning (Sun et al., 2020; Liu et al., 2021) data
for the agent to build experience before attempting advanced tasks. To this end, EmbodiedCLBench
organizes tasks into three compositional levels: (1) atomic actions from TongSim (Sun et al., 2025),
representing basic object–action interactions; (2) basic tasks, with each composing a small number
of atomic actions into practical household operations across multiple categories; and (3) advanced
tasks, with each combining elements from multiple basic-task categories.

Based on EmbodiedCLBench, we conduct extensive evaluation across multiple agent harnesses (e.g.,
OPENCLAW and CODEX) and learning methods (In-Context Learning and Skill Learning). Our re-
sults reveal several notable and, in some cases, unexpected findings. First, while advanced tasks can
hardly be solved in the zero-shot setting, agents with experience from related basic tasks achieve sub-
stantially higher success rates. This validates that experience from simpler tasks can be effectively
transferred to unseen, harder tasks. Second, the performance gain over zero-shot agents remains at
a stable level as task complexity increases. This suggests that continual learning capability is not
sensitive to task difficulty. Third, the improvement from learning does not scale accordingly with the
number of learning samples. A single basic task significantly improves performance, and additional
samples yield no consistent further improvement. Fourth, past experience facilitates the decision
behavior of agents by selecting more meaningful actions with fewer unexecutable ones.

Our contributions are summarized as follows:

• We introduce EmbodiedCLBench, the first benchmark in embodied simulation for evalu-
ating the continual learning capability of self-evolving agents.

• Our key innovation lies in leveraging compositional generalization as a principled way to
construct tasks, design evaluation protocols, and evaluate continual learning capability.

• We conduct a comprehensive evaluation across multiple agent harnesses and learning
methods, revealing limitations of current agents and providing insights for future design.
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2 RELATED WORK

Continual Learning Benchmarks. Evaluating continual learning capabilities has become an in-
creasingly active topic for LLMs and agents (Gao et al., 2025; Fang et al., 2025; Zheng et al.,
2025b). Existing benchmarks span several distinct domains. In knowledge-intensive tasks, prior
work evaluates whether agents can effectively transfer procedural experience across coding, reason-
ing, and question-answering tasks (Gao et al., 2026; Wu et al., 2024; Shu et al., 2026). In interactive
digital environments, benchmarks test continual learning capabilities in web automation, operating
systems, and knowledge graphs (Jiang et al., 2026; Zheng et al., 2025a). In long-term simulated
environments, benchmarks model persistent virtual worlds where past behaviors continuously shape
future states and decisions (Cai et al., 2025). Another major direction focuses on skill-centric evolu-
tion, studying whether agents can abstract reusable skills from experience and transfer them across
tasks (Zhong et al., 2026; Zhang et al., 2026; Guan et al., 2026; Lei et al., 2026). Despite this
progress, these benchmarks primarily operate in digital or symbolic environments, leaving contin-
ual learning in embodied scenarios largely unexplored.

Embodied AI Benchmarks. Embodied AI benchmarks evaluate the capabilities ranging from per-
ception to long-horizon task execution (Liu et al., 2025a; Yifan et al., 2025; Liu et al., 2025b). At
the perception level, benchmarks test 3D scene understanding (Wang et al., 2024), spatial reason-
ing (Du et al., 2024), physical world understanding (Chow et al., 2025), and scene dynamics (Wang
et al., 2025). For navigation, the field has progressed from language-conditioned navigation (An-
derson et al., 2018; Ku et al., 2020) to sound-guided navigation Liu et al. (2026), object ground-
ing (Qi et al., 2020), multi-modal lifelong navigation (Khanna et al., 2024), and active exploration
for question answering (Majumdar et al., 2024). In manipulation, benchmarks evaluate multi-task
generalization (Yu et al., 2020; James et al., 2020), object-level skill transfer (Gu et al., 2023), life-
long knowledge transfer (Liu et al., 2023), and everyday task scalability (Nasiriany et al., 2024). For
long-horizon planning, benchmarks require agents to follow compositional instructions (Shridhar
et al., 2020), interact through dialogue (Padmakumar et al., 2021), compose language-conditioned
skills (Mees et al., 2022), handle diverse household activities (Li et al., 2023), and adapt plans based
on visual feedback (Tupini et al., 2026). These benchmarks comprehensively cover perception, nav-
igation, manipulation, and planning. Recent works further explore general-purpose embodied agent
evaluation and realistic simulation environments (Peng et al., 2024; Ren et al., 2025). However,
none is designed for evaluating the continual learning capability of skills in long-horizon tasks.

Compositional Generalization. Compositional generalization, the ability to recombine learned
elements for solving novel problems, has been studied across multiple domains. In digital envi-
ronments, benchmarks test whether mobile and web agents can compose atomic operations into
multi-step tasks (Guo et al., 2025; Furuta et al., 2023). In video understanding, benchmarks study
whether models can recognize unseen action–object combinations from separately learned compo-
nents (Li et al., 2024; Ahn et al., 2026). For reasoning tasks, benchmarks show that models proficient
in individual abilities still fail when these abilities must be combined (Alazraki et al., 2026; Li et al.,
2025). In embodied manipulation, benchmarks evaluate whether robot policies can generalize to un-
seen skill compositions after training on atomic skills (Wu et al., 2026; Chen et al., 2025a;b; Haresh
et al., 2024). In contrast, EmbodiedCLBench evaluates the continual learning capability in embodied
simulation without any benchmark-specific training.

3 BENCHMARK CONSTRUCTION

As illustrated in Figure 2, the construction of EmbodiedCLBench consists of four stages: (1) envi-
ronment setup, (2) task generation, (3) graph construction, and (4) evaluation protocol. We introduce
each stage in the following subsections.

3.1 ENVIRONMENT SETUP: EMBODIED SIMULATION

Evaluating compositional generalization requires a large combinatorial space of object–action pairs.
We thus adopt TongSim as the simulation platform (Sun et al., 2025). It provides a controllable
environment that supports rich physical interactions and scales to diverse task configurations. It was
also used in recent embodied agent evaluation studies (He et al., 2026; Zhao et al., 2026).
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A.

A. Open cabinet Goal

B. Look at lamp S₂

C. Switch on TV Distractor

State: Near cabinetS₁

...

Task: Open the cabinet.

Init State: Far from cabinetS₀

...

Far from cabinet Near cabinet
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Goalwalk to cabinet

look at lamp

open cabinet

Embodied Simulation

A controllable environment that
supports rich physical interactions.

Interactive Objects
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Executable Actions
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walk to pick up open

Set the table
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Task Generation

Basic Task

Walk to object

Advanced Task

Start Walk to

Pick up Goal

...

Evaluation Graph Construction

Figure 2: Overview of the construction process of EmbodiedCLBench. During task generation,
basic tasks connect a few atomic actions into simple household operations, and advanced tasks com-
bine elements from multiple basic tasks into compositional tasks. For each task, a state-transition
graph is built, with each graph node as an intermediate state and paired with action options and a
first-person-view image. During evaluation, the agent observes the current state and selects from
candidate actions. After each selection, the agent transitions to the next node on the graph.

Specifically, TongSim is a simulation with household scenarios and supports a wide range of inter-
active objects (such as cups, plates, cabinets, lamps, and appliances) and executable actions (such
as walk to, look at, pick up, put down, open, close, and switch on, etc.). This simulation offers
three key advantages: (1) the platform supports a large number of object types and action primitives,
providing sufficient combinatorial diversity; (2) all scenes are indoor domestic environments, so
that the tasks are grounded in meaningful, real-world household activities; and (3) TongSim has not
been widely used as training data for existing foundation models, making it suitable for evaluating
the generalization capability of agents with reduced risk of data contamination.

3.2 TASK GENERATION: COMPOSITIONAL GENERALIZATION

Our goal is to evaluate the capability of continual learning. However, it is an abstract concept that
is challenging to measure directly. We operationalize it through compositional generalization: if
an agent has learned from basic tasks, it should recombine previously mastered skill elements to
solve novel tasks rather than learning each new task from scratch. This leads to a natural evaluation
protocol—let the agent first complete simpler tasks to accumulate experience, then test whether it
can leverage that experience to solve more complex, unseen tasks.

We design two levels of tasks based on atomic actions available in TongSim. Specifically, an atomic
action is a single interaction with an object (e.g., “pick up the cup”). It consists of a sequence of
steps (e.g., walking to the cup, looking at it, and picking it up), each of which is one executable
action. Building on it, a basic task composes a small number of atomic actions into a practical
household operation (e.g., “put the cup on the table”, which consists of “pick up the cup” and “put
down the cup on the table”). Further, an advanced task composes more atomic actions than a
basic task (e.g., “tidy up the room”, which requires picking up the book, putting the book on the
shelf, closing the cabinet, and switching off the lamp). We provide more details in the benchmark
overview (Section 4.1). All task descriptions are generated by Qwen3.7-Plus and manually verified
for correctness (see Appendix B).

3.3 GRAPH CONSTRUCTION: ACTION TRAJECTORY ANNOTATION

For TongSim simulation, we chose its closed-source version, which provides more diverse actions
than the open-source version. As a result, online simulation is not practical for the benchmark
evaluation. Therefore, we construct an offline, reproducible evaluation process in the form of a state-
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transition graph, as shown in Figure 2. A graph structure naturally represents the task procedure: at
each state, an agent selects an action and transitions to the next state. This graph structure offers three
advantages: (1) offline evaluation can be run in parallel without running the simulator; (2) flexible
control over the task complexity through graph branching and depth; and (3) fine-grained analysis
of agent behavior by checking each decision against the pre-computed graph.

Specifically, each graph node represents a unique environment state (e.g., “near the desk and look-
ing at the lamp”). It is paired with an image captured from TongSim and a set of action candidates
presented to the agent during evaluation. These candidates are generated by Qwen3.7-Plus and
manually verified for correctness. Each executable candidate corresponds to an edge that determin-
istically transitions to the next state. Given a task, we first define its initial and goal states and then
use breadth-first search to find the shortest path between them. Since each state supports only a
bounded set of objects and actions, the reachable state space is compact enough for reliable graph
search. We construct the distractor paths by expanding alternative executable actions from nodes
along the shortest path. These paths are executable but deviate from the shortest path. The detailed
construction pipeline and task examples are provided in Appendices B and C.

3.4 EVALUATION PROTOCOL

With the task graphs built, we define how agents are evaluated on them. The evaluation consists
of a learning phase and a testing phase. In the learning phase, the agent completes basic tasks to
accumulate experience. In the testing phase, the agent attempts unseen advanced tasks with this
experience. In this setup, basic tasks serve as the memory (Xu et al., 2026; Huang et al., 2026) and
test-time learning data (Sun et al., 2020; Liu et al., 2021) for the self-evolving agents.

For each task, the evaluation follows an interactive, multi-turn format: (1) the agent receives a task
description and an image of the initial state; (2) at each step, the agent selects one action from a set of
action candidates; (3) based on the action decision, the agent transitions to the next state and receives
a new image with updated objects and action candidates; (4) this repeats until the agent reaches the
goal (success) or exhausts the step budget (failure). The action candidates at each step are designed
into three types: optimal actions that follow the shortest path, suboptimal actions that are executable
but deviate from the shortest path, and invalid actions that cannot be executed in the current state.
This interactive format preserves the sequential decision-making structure of embodied tasks while
enabling fully offline, deterministic, and reproducible evaluation.

4 MAIN EXPERIMENTS

In this section, we first describe the experimental setup, including the benchmark overview, evalua-
tion settings, agent configurations, and metrics. We then report and discuss the main results.

4.1 EXPERIMENTAL SETUP

Benchmark overview. Figure 3 summarizes the overall statistics of EmbodiedCLBench. The en-
vironment covers diverse scenes, object categories, and atomic actions, providing a broad combi-

(a) Environment (b) Task Composition (c) Task Complexity

6
Scenes

2
Camera Heights

51
Object Categories

7
Atomic Actions

Atomic Actions:

pick up place on place in open

close switch on switch off

Basic Tasks

168
basic tasks

28

28

2828

28

28

Object Manipulation

Spatial Placement

Accessibility Control

Appliance Operation

Activity-Driven Scene

Configuration

Household State Restoration

Advanced Tasks

100
advanced tasks

Composed by combining

2–4 basic categories.

0 2 4 6

Basic Tasks

Advanced Tasks

Number of Atomic Actions
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Basic Tasks

Advanced Tasks

Number of Steps

Basic Tasks Advanced Tasks

2
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6
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0 2 4 6
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Shortest-Path Steps

Atomic Actions per Task

Figure 3: Benchmark statistics of EmbodiedCLBench: environment configuration (a), task compo-
sition across six categories (b), and task complexity at two levels (c).
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natorial space for task construction. The benchmark contains 268 tasks: 168 basic tasks and 100
advanced tasks. Basic tasks span six categories, with each grounded in a distinct type of daily house-
hold activity. Advanced tasks require substantially more atomic actions and shortest-path steps. The
atomic actions of each advanced task come from two to four categories of basic tasks. Each atomic
action consists of 3 steps. Therefore, the shortest path has 6 steps for a basic task (2 atomic actions)
and 12 steps for an advanced task (4 atomic actions). With this scale, real-world grounding, and
structured difficulty, EmbodiedCLBench can reveal meaningful differences in the continual learning
capability of agents. Examples of basic and advanced tasks are provided in Appendix C.

Evaluation settings. We evaluate agents under three settings: (1) Zero-shot: the agent performs
basic and advanced tasks directly, without a learning phase. (2) In-Context Learning (ICL): in the
learning phase, the agent completes two related basic tasks for each advanced task. In the testing
phase, the full interaction trajectories of these basic tasks are retained in context. (3) Skill Learning:
in the learning phase, the agent completes the same basic tasks as in ICL. It then writes a concise
skill summary of its experience in Markdown format. In the testing phase, only this skill summary
is provided in context, instead of the interaction trajectories.

The step budget of each task is the length of its shortest path plus extra steps. In the testing phase,
we allow 3 extra steps as a small tolerance for suboptimal decisions. In the learning phase, we allow
6 extra steps for more exploration.

Agent configurations. We evaluate all tasks under each of four agent harnesses: OPEN-
CLAW (OpenClaw, 2026), CLAUDE CODE (Anthropic, 2026), CODEX (OpenAI, 2026b), and HER-
MES (Nous Research, 2026). We pair each harness with two backbone models through their official
APIs: Qwen3.8-Flash (Qwen, 2026) and GPT5.6-Terra (OpenAI, 2026a).

Table 1: Main results on EmbodiedCLBench. For In-Context Learning and Skill Learning, agents
first learn from two basic tasks and then attempt one advanced task.

Success Rate (%) BASIC TASK ADVANCED TASK

Harness Model Zero-shot Zero-shot In-Context Learning Skill Learning

HERMES
Qwen3.8-Flash 58.9 8.0 44.0 33.0
GPT5.6-Terra 53.0 11.0 16.0 34.0

OPENCLAW
Qwen3.8-Flash 50.6 5.0 35.0 38.0
GPT5.6-Terra 47.6 12.0 39.0 22.0

CODEX
Qwen3.8-Flash 52.4 4.0 34.0 33.0
GPT5.6-Terra 54.8 11.0 52.0 26.0

CLAUDE CODE
Qwen3.8-Flash 42.9 3.0 27.0 31.0
GPT5.6-Terra 51.8 9.0 31.0 25.0

Metrics. We report Success Rate (SR), which measures whether an agent can complete a task
within the allotted step budget:

SR =
1

N

N∑
i=1

ci , ci ∈ {0, 1} indicates whether task i is completed. (1)

Success rate directly reflects continual learning capability—whether accumulated experience en-
ables the agent to solve novel, compositionally harder tasks.

4.2 RESULTS

Table 1 presents the main results. Agents achieve a moderate zero-shot success rate on basic tasks
(around 50%), indicating that current agents can execute simple household tasks. Zero-shot success
rate on advanced tasks drops to around 10%, validating that advanced tasks are genuinely difficult.
Both ICL and Skill Learning substantially improve advanced task success rate, raising it from around
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10% to above 30%. This improvement is consistent across all harnesses, suggesting that experience
from basic tasks can effectively transfer to unseen advanced tasks.

Finding 1: While advanced tasks are hardly solvable under zero-shot setting, experience from
basic tasks enables consistent improvement across different harnesses and models.

Discussion. Between ICL and Skill Learning, there is no consistent advantage of one over the
other. We conjecture that both methods can extract meaningful information from the agent experi-
ence. Besides, the performance across harnesses is close yet far from saturation, suggesting great
potential for improvement. Designing harnesses for continual learning can be a future direction.

5 ANALYSIS

5.1 EFFECTS OF COMPOSITIONAL COMPLEXITY

Motivation and Setting. Compositional generalization is the core approach for evaluating con-
tinual learning in EmbodiedCLBench. A natural question follows: does more complex composition
make continual learning harder? In the main experiment, advanced tasks consist of 4 atomic ac-
tions. Here, we extend our evaluation data to advanced tasks with 3 to 6 atomic actions to control
compositional complexity. We measure both the raw success rate at each level and the gain over
zero shot, defined as the success rate of In-Context Learning or Skill Learning minus the zero-shot
success rate. We use HERMES with Qwen3.8-Flash for this analysis.

Figure 4: Effect of compositional complexity on continual learning. The x-axis varies the number
of atomic actions per advanced task from 3 to 6. (a) reports the raw success rate achieved by each
setting. (b) reports the gain over zero shot, defined as the success rate of ICL or Skill Learning
minus that of zero shot, isolating the improvement attributed to the learning phase.

Results and Analysis. As shown in Figure 4(a), success rate decreases across all three settings
as atomic actions increase from 3 to 6. The largest drop occurs between 3 and 4 atomic actions
(e.g., ICL falls from 72.0% to 42.0%), after which the success rate levels off. In the zero-shot set-
ting, success rate decreases sharply (e.g., from 28.0% to 4.0%). In contrast, ICL and Skill Learning
remain more stable in relative terms. Specifically, Figure 4(b) shows that the gain over zero shot
drops initially but then stabilizes at around 30%. This indicates that experience from basic tasks re-
mains helpful as compositional complexity increases. At the highest complexity (6 atomic actions),
zero-shot success rate drops to 4.0%, while ICL and Skill Learning still achieve 32.0% and 26.0%,
respectively. This shows that experience from basic tasks still brings a substantial gain over zero
shot, even when zero-shot agents can barely solve the tasks.

Finding 2: In zero-shot setting, success rate decreases sharply as complexity increases. In
contrast, the gain over zero-shot setting remains stable, indicating that the benefit of continual
learning is less sensitive to task difficulty.
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5.2 SCALING WITH THE NUMBER OF LEARNING SAMPLES

Motivation and Setting. Continual learning assumes that accumulated experience improves an
agent’s performance on harder tasks. If this holds, more experience should lead to a higher success
rate on advanced tasks. In the main experiment, agents learn from 2 basic tasks before attempting
advanced tasks. Here, we increase the number of learning samples (i.e., basic tasks in the learning
phase) from k=0 (zero shot) to k=6. We measure the success rate on the same set of advanced
tasks under both In-Context Learning and Skill Learning settings. We evaluate two agent harnesses,
HERMES and OPENCLAW, both using Qwen3.8-Flash as the backbone model.

Figure 5: Success rate versus the number of
learning samples. Each learning sample is a
basic task that the agent completes before being
tested on advanced tasks.

Results and Analysis. As shown in Figure 5,
the most substantial improvement occurs between
k=0 and k=1. A single learning sample raises
the success rate from 8.0%–10.0% to 28.0%–
40.0% across both harnesses and learning meth-
ods. This initial jump accounts for most of the
total improvement across the k range. Even
minimal experience (completing just one basic
task) provides sufficient new information for the
agent to substantially improve on unseen ad-
vanced tasks. Beyond k=1, however, success rate
does not continue to rise but instead fluctuates
without a clear upward trend. This pattern re-
mains across ICL and Skill Learning, and across
both harnesses. None of the four curves shows
consistent improvement with additional learning
samples. This suggests that current agents can-
not extract sufficiently distinct information from

additional learning samples. Therefore, scalable continual learning, where success rate keeps im-
proving as learning samples increase, remains an open challenge for embodied agents.

Finding 3: Success rate does not scale accordingly with the number of learning samples. A
single learning sample significantly improves performance, while additional samples yield no
consistent further gain.

5.3 ERROR ANALYSIS

Motivation and Setting. The main results show that ICL and Skill Learning improve success
rate, but do not reveal what agents actually learn from experience. As defined in Section 3.4, the
action candidates at each step fall into three types: optimal actions that follow the shortest path,
suboptimal actions that are executable but deviate from the shortest path, and invalid actions that
cannot be executed in the current state. We analyze how agents choose among these three action
types. Instead of running new experiments, we use the selected actions recorded at each decision
step in the main experiment (all four harnesses with Qwen3.8-Flash). Specifically, we compare the
selection rate of each action type under ICL and Skill Learning with that in the zero-shot setting.

Figure 6: Error analysis of decision behavior. Each group of bars shows the change in selection
rate relative to the zero-shot setting for three action types: optimal actions follow the shortest path,
suboptimal actions are executable but deviate from the shortest path, and invalid actions cannot be
executed in the current state.
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Results and Analysis. As shown in Figure 6, experience sharply reduces invalid actions across all
harnesses (by 13%–20%). Fewer invalid actions allow agents to stay on executable trajectories and
reach the goal within the step budget. This suggests that the reduction in invalid actions contributes
to the higher success rates in Table 1. Meanwhile, optimal actions increase substantially. Suboptimal
actions also increase slightly (by 3%–8%). Overall, experience shifts the selections of agents from
invalid actions to optimal and suboptimal actions. ICL and Skill Learning show the same direction
of change, but Skill Learning consistently produces smaller shifts across all harnesses. In contrast,
Table 1 shows no consistent advantage between ICL and Skill Learning in success rate. This may
reflect a difference in how experience is represented. Interaction trajectories may induce larger
changes in decision behavior, while skill summaries may induce smaller but more focused changes.

Finding 4: Continual learning alters the decision behavior of agents, resulting in an increase
in optimal actions and a decrease in infeasible actions.

5.4 STEP BUDGET SENSITIVITY

Motivation and Setting. Each task has a shortest path to the goal, but agents often make subopti-
mal decisions along the way. As described in Section 4.1, agents are allowed 3 extra steps by default
as a small tolerance for suboptimal decisions. Here, we vary the number of extra steps from 0 to
6. We examine how the step budget affects success rate under different evaluation settings. We use
HERMES with Qwen3.8-Flash for this analysis.

Figure 7: Step budget sensitivity. The x-axis
shows the number of extra steps allowed beyond
the shortest path. By default, agents are allowed
3 extra steps in the testing phase.

Results and Analysis. As shown in Figure 7,
all three settings show a monotonically increas-
ing success rate as the budget grows from 0 to 6
extra steps. This is expected, since a larger bud-
get gives agents more room for suboptimal deci-
sions. Across all budget values, the ranking of the
three settings remains consistent. ICL achieves
the highest success rate, followed by Skill Learn-
ing and then zero shot. This indicates that the gain
over zero shot holds across different budgets. At
the strictest budget (0 extra steps), zero-shot suc-
cess rate is 0.0%, while ICL and Skill Learning
still achieve 15.0% and 7.0%, respectively. Even
under this strictest budget, learning from experi-
ence remains effective. Notably, compared to the
zero-shot setting, ICL and Skill Learning exhibit
a steeper increase in success rate as the budget

grows. This indicates that the agents with prior experience can better benefit from additional tol-
erance. Meanwhile, the gap between experienced agents and zero-shot agents remains substantial
even at the most generous budget (6 extra steps). This suggests that additional tolerance cannot
replace the role of prior experience.

Finding 5: As the number of extra steps increases, success rate improves across all settings,
and continual learning methods yield a steeper increase compared to the zero-shot setting.

6 CONCLUSION

We introduce EmbodiedCLBench, the first embodied simulation benchmark for evaluating the con-
tinual learning capability of self-evolving agents. Our key idea is to formulate continual learning
through compositional generalization: rather than solving each new task from scratch, an agent
should accumulate experience from basic tasks and recombine previously acquired skills to solve un-
seen, more complex tasks. Following this principle, EmbodiedCLBench organizes tasks into atomic
actions, basic tasks, and advanced tasks, providing a structured protocol for measuring whether
embodied agents can acquire, retain, and transfer experience over time.
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Extensive evaluations across multiple agent harnesses and learning methods reveal both promising
progress and clear limitations: (1) Experience from basic tasks substantially improves performance
on unseen advanced tasks over zero-shot execution, showing that current agents can transfer previ-
ously acquired knowledge to new compositions. (2) However, the performance of existing agents
is far from saturation. Designing effective continual learning methods for embodied agents is a
promising direction to explore. (3) Further, the benefit of learning does not consistently increase
with the amount of experience. How to enable the agents to accumulate and exploit additional in-
teractions is still an open problem. Overall, EmbodiedCLBench provides a principled testbed for
studying self-evolution in embodied agents and highlights the need for stronger mechanisms that
can continuously consolidate, generalize, and reuse experience across tasks.
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A BASIC TASK CATEGORIES

As described in Section 3.2, basic tasks in EmbodiedCLBench span six capability categories. Table 2
lists each category and its core evaluation question.

Table 2: Six capability categories of basic tasks in EmbodiedCLBench.
Category Core Question

Object Manipulation Can the agent locate and manipulate everyday objects into a usable
or manageable state?

Spatial Placement Can the agent understand spatial relationships between objects and
surfaces or containers?

Accessibility Control Can the agent change the state of doors, drawers, and cabinet doors
to enable or restrict access?

Appliance Operation Can the agent toggle household appliances and environmental de-
vices?

Activity-Driven Scene Configuration Can the agent set up multiple objects and devices to support activ-
ities such as reading, dining, or leisure?

Household State Restoration Can the agent restore a room to a tidy, energy-efficient, and
reusable state?

B GRAPH CONSTRUCTION PIPELINE

As described in Sections 3.2 and 3.4, EmbodiedCLBench builds tasks from atomic actions available
in TongSim. Given the atomic actions for each task, we first construct the state-transition graph. We
then generate two types of textual content: task descriptions and per-state action options.

LLM Generation. Both task descriptions and action options are produced by a three-stage
pipeline powered by Qwen3.7-Plus. The pipeline serves two purposes: converting low-level atomic
actions into natural household scenarios, and ensuring that action options do not give away the cor-
rect answer through shortcuts. The key prompt specifications for all three stages are provided in
Section B.1.

Human Verification. Three annotators independently verify each generated sample. The verifica-
tion covers three aspects: captured images, task descriptions, and per-state action options. For each
aspect, annotators check for factual errors, logical inconsistencies, and whether the content reflects
realistic household activities. A sample is retained only if all three annotators approve it.

B.1 PROMPT SPECIFICATIONS

Stage 1: Task Description Rewrite

# Stage 1: Task Description Rewrite

## Objective

Rewrite a baseline task description into a natural, scene-based household request. The
rewritten description is what the tested model actually sees. You do not change the
underlying task structure -- only the surface expression.

## Task Hierarchy

- L1 (atomic goal): the smallest unit of household goal, e.g., "turn off the TV", "open the
cabinet", "place the cup on the table".
- L2 (basic task): composed of 2 L1 goals forming a coherent household activity.
- L4 (advanced task): composed of 4 L1 goals combining multiple capability categories.

## Input Fields

- level: L2 or L4.
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- ability_categories: capability categories involved (e.g., appliance operation, spatial
placement).
- l1_goals: list of constituent L1 atomic goals with descriptions, action types, and target
objects.
- baseline_task_description: a direct concatenation of all L1 goals (e.g., "Turn off the
TV, open the lamp, close the cabinet door").

## Rewrite Principles

1. Merge multiple L1 goals into a single coherent living scenario (e.g., "A guest is
arriving soon -- make the living room presentable and quiet"). The model should need to
reason about what to do from the scene image, not read the steps directly from the text.

2. Do NOT produce a checklist, enumerate target objects by name, expose execution order, or
translate L1 goals one-by-one with synonyms.

3. Replace specific object names with functional or contextual references (e.g., TV ->
"noise source"; table lamp -> "reading light"; cabinet -> "storage area").

4. Add a plausible living scenario (guest arriving, bedtime routine, post-cooking cleanup,
etc.) that makes all L1 goals co-exist naturally.

## Output

A single JSON object with fields: description_highlevel (the rewritten task description),
rationale (why the rewrite is natural and leak-free), and anti_leak_check (boolean flags
for exposes_order, is_checklist, mentions_specific_objects).

Stage 2: Per-State Option Rewrite

# Stage 2: Per-State Option Rewrite

## Objective

Rewrite the four hard-coded action options at a single graph state into natural language.
After rewriting, all four options should look like plausible next steps, forcing the model
to rely on the scene image and current state rather than linguistic cues.

## Underlying Execution Pattern (must be hidden)

Each household goal typically requires three phases:
1. Observe: look at the target object (look_at).
2. Approach: move to the target object (walk_to).
3. Operate: execute the action (open / close / switch_on / etc.).
If option wording reveals which phase it belongs to (e.g., observe options always say
"check the status of X"), the model can guess the answer without seeing the image. The core
challenge is to make all options sound like purposeful household actions regardless of
their underlying phase.

## Option Roles

- success_path: the optimal next action. Must not stand out among the four options.
- valid_detour: executable and task-relevant, but not optimal. Must read like active task
progress, not like a detour.
- invalid: cannot be executed in the current state. Must read like a plausible next step;
its appeal comes from semantic relevance to the task, not from low-quality wording.

## Rewrite Rules

1. Each option: 1 sentence, 10-25 English words, naming the involved object or area and
connecting to the high-level task scenario.
2. Two-layer fit: every option (including distractors) must fit both the current sub-goal
and the high-level task description.
3. Hide phases: do not let observe options read as "status checks", approach options as
"moving closer to operate", or operate options as the only ones with a sense of completion.
4. Uniform style: all four options should be similar in length, detail, and directness. The
correct option must not be the only one containing task keywords.
5. Invalid options must not contain words like "wrong", "invalid", or "not needed", and
must not explain why the action cannot be executed.

## Output

A single JSON object containing: state_id, options (each with id, text, role, design_note),
and self_check (correct_stands_out, current_goal_fit, highlevel_task_fit, phase_exposed,
has_implementation_terms).

16



Stage 3: Cross-State Option Hardening

# Stage 3: Cross-State Option Hardening

## Objective

Given a batch of states from the same task graph, detect and eliminate cross-state
linguistic patterns that the tested model could exploit. The model sees its full
interaction history, so any recurring pattern across consecutive steps can be discovered
and used to bypass visual reasoning.

## Context

Each household goal takes three phases (observe -> approach -> operate). A basic task has 2
such goals, producing a repeating 2-beat rhythm on the shortest path:
Goal 1: observe -> approach -> operate
Goal 2: observe -> approach -> operate
Stage 2 made each state's options internally deceptive but could not address cross-state
patterns. This stage fixes that.

## Input

A batch of states (either the full shortest path or a branch cluster), each containing:
state_id, state_context, belongs_to_l1 (which sub-goal this state belongs to), and options
(with baseline_text, rewritten_text, role, action_type, object).

## Patterns to Detect and Eliminate

1. Three-beat rhythm: correct options (success_path) across consecutive states show a
cyclic "attention/focus -> head/move -> execute/switch" pattern that repeats per sub-goal.
2. Style bias: correct options are systematically shorter, more direct, or contain more
task keywords than distractors.
3. Expression repetition: the same phrasing or sentence structure appears across multiple
states.

## Hardening Strategies

A. Blur phase boundaries: make observe-phase correct options sound like preparation or
positioning rather than looking. Make approach-phase correct options sound like executing
part of an action rather than walking.
B. Mix phase styles in distractors: in an observe state, give some distractors an
operate-style wording; in an operate state, give some distractors an observe-style wording.
C. Break repetition across sub-goals: if sub-goal 1's correct options follow pattern X,
sub-goal 2's correct options must use a different pattern.
D. Vary detail level: some correct options should be short and direct, others should
include contextual detail, matching the variation in distractors.
E. Vary verbs and sentence structures: the same action type appearing in different states
must use different verbs and phrasings.

## Constraints

- Modify rewritten_text only (not state_id, id, role, action_type, or baseline_text).
- Edits are adjustments to Stage 2 output, not full rewrites from baseline_text.
- Options must remain specific, natural, and connected to the high-level task scenario.
- Do not use implementation terms (graph, state, precondition, phase).

## Output

A single JSON object containing: states (each with state_id, modified flag, options,
modification_note) and pattern_report (documenting which patterns were found and how they
were fixed).

C TASK EXAMPLES

We provide task examples at both compositional levels to illustrate the evaluation format. The agent
first receives a natural-language task description. At each step, it observes the current-state image
and selects one action from multiple candidates. Specifically, we include two basic-task examples
(Figures 8 and 9; Tables 3 and 4) and one advanced-task example (Figure 10; Table 5).
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Figure 8: Visual states along the shortest path for a basic-task example.

Table 3: Basic-task example: action options and hidden graph roles at each state.

Task: I’m about to watch a movie in the living room. Turn off the overhead light so the screen isn’t washed out, and open up the media cabinet
so everything’s within reach.

State Option Text shown to the agent Hidden role

State 0 A Head over to the ceiling light area to get ready to turn it off. Invalid in current state

State 0 B Switch on the overhead light to brighten the living room before the movie. Invalid in current state

State 0 C Shut off the ceiling light right away to set the mood for the movie. Invalid in current state

State 0 D The overhead light is still on — that’s the first thing to deal with before the
movie.

Correct shortest-path action

State 1 A Check the ceiling light to see if it’s already been switched off. Invalid in current state

State 1 B Switch off the ceiling light to darken the room for movie viewing. Invalid in current state

State 1 C Turn on the ceiling light to brighten the space before settling in for the movie. Invalid in current state

State 1 D Walk over to the ceiling light so you can reach the switch. Correct shortest-path action

State 2 A Switch off the overhead light — the room needs to be dark for the movie. Correct shortest-path action

State 2 B Step closer to the ceiling fixture to get a better grip on the switch. Executable detour

State 2 C Glance up at the ceiling light to confirm how bright it still is. Invalid in current state

State 2 D Check the television area to see if the media setup is ready. Executable detour

State 3 A Head over to the television area to get the media setup going. Invalid in current state

State 3 B Walk toward the ceiling light to start working on the room’s ambiance. Executable detour

State 3 C Switch on the overhead light to brighten things up before the movie. Executable detour

State 3 D With the light off, the media cabinet by the TV is the next thing to handle. Correct shortest-path action

State 4 A Power down the television to eliminate any screen glare during the movie. Invalid in current state

State 4 B Walk up to the TV unit — the cabinet is right ahead. Correct shortest-path action

State 4 C Focus on the television to assess whether the screen needs attention. Invalid in current state

State 4 D Switch on the television so you can test the viewing angle for the movie. Invalid in current state

State 5 A Shift your focus to the ceiling light to confirm it’s off for movie time. Executable detour

State 5 B Open the media cabinet so everything is within reach for the movie. Correct shortest-path action

State 5 C Take a closer look at the television area to plan the next move for the media
setup.

Invalid in current state

State 5 D Step over to the television unit to get a better position for the entertainment area. Executable detour
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Figure 9: Visual states along the shortest path for a basic-task example.

Table 4: Basic-task example: action options and hidden graph roles at each state.

Task: Get the living room ready for a relaxed evening — turn on some background entertainment and open up the storage cabinet so every-
thing’s within reach.

State Option Text shown to the agent Hidden role

State 0 A Start by checking the TV area — that’s where the background entertainment will
come from.

Correct shortest-path action

State 0 B Shut off the TV screen since it’s not needed for the living room ambiance. Invalid in current state

State 0 C Head over to the TV wall to get closer to the entertainment controls. Invalid in current state

State 0 D Pull open the storage cabinet to make everything accessible for the evening. Invalid in current state

State 1 A Shut the storage cabinet to keep the living room looking tidy. Invalid in current state

State 1 B Shift your focus to the cabinet area near the TV to assess what’s needed. Invalid in current state

State 1 C Get to the entertainment setup — the background noise needs to start soon. Correct shortest-path action

State 1 D Pull open the storage compartment so things can be reached easily for the
evening.

Invalid in current state

State 2 A Switch on the screen to bring some background entertainment into the living
room.

Correct shortest-path action

State 2 B Head over to the screen area to get a better position for the setup. Executable detour

State 2 C Focus on the storage cabinet to make sure it’s ready for easy access. Executable detour

State 2 D Check the screen to see if it’s already running before proceeding. Invalid in current state

State 3 A The storage cabinet still needs opening — that’s the next thing to handle. Correct shortest-path action

State 3 B Head over to the storage unit to get it ready for the evening. Invalid in current state

State 3 C Switch off the ambient background element near the TV to set a cleaner mood. Executable detour

State 3 D Walk toward the entertainment area to adjust the atmosphere. Executable detour

State 4 A Shut the storage cabinet to keep the living room looking tidy. Invalid in current state

State 4 B Check the cabinet area to see what’s currently inside. Invalid in current state

State 4 C Pull open the storage cabinet to make everything accessible for the evening. Invalid in current state

State 4 D Move into position near the storage cabinet — it needs to be opened. Correct shortest-path action

State 5 A Step closer to the storage cabinet to get a better grip on the handle. Executable detour

State 5 B Scan the cabinet area to confirm everything is in order. Invalid in current state

State 5 C Glance toward the TV wall to take in the overall setup before finishing up. Executable detour

State 5 D Open up the storage cabinet so everything is within reach for the evening. Correct shortest-path action
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Figure 10: Visual states along the shortest path for an advanced-task example, including the final
state.

Table 5: Advanced-task example: action options and hidden graph roles.

Task: I’m done for the night and heading to bed — dim the bedroom lamp, open up the study desk so it’s ready for tomorrow, shut the bedside
drawer, and toss the old remote into the bin.

State Option Text shown to the agent Hidden role

State 0 A Check the trash can area to see what needs to be tossed before bed. Executable detour

State 0 B Switch on the table lamp to brighten the bedside area for cleanup. Invalid in current state

State 0 C The lamp’s still glowing — that’s the first thing to sort out before the room can
rest.

Correct shortest-path action

State 0 D Head over to the table lamp to adjust the lighting for bedtime. Invalid in current state

State 1 A Switch off the table lamp to dim the room for bedtime. Invalid in current state

State 1 B Get closer to the lamp — you’ll need to be right there to kill the light. Correct shortest-path action

State 1 C Brighten the table lamp so you can see what’s left to tidy. Invalid in current state

State 1 D Focus on the table lamp area to assess what needs adjusting for the night. Invalid in current state

State 2 A Brighten the lamp a bit so you can see what’s left on the nightstand before
closing it up.

Invalid in current state

State 2 B Kill the lamp light to start dimming the room for the night. Correct shortest-path action

State 2 C Shift over to the lamp side to get the lighting sorted before settling in. Invalid in current state

State 2 D Focus on the lamp area to assess what still needs adjusting before bed. Invalid in current state

State 3 A Glance over at the trash can to see what needs tossing before bed. Executable detour

State 3 B The study desk still has stuff on it — that’s the next area to sort out. Correct shortest-path action

State 3 C Head over to the study desk to get in position for clearing it off. Invalid in current state

State 3 D Flip open the study desk to start organizing items for tomorrow’s setup. Invalid in current state

Continued on the next page.
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Table 5 (continued).

State Option Text shown to the agent Hidden role

State 4 A Glance over at the desk to see what’s still out on the surface. Invalid in current state

State 4 B Flip open the desk to start organizing what’s inside for tomorrow. Invalid in current state

State 4 C Shut the desk drawers to keep the room tidy for the night. Invalid in current state

State 4 D Step up to the desk so you can reach across and clear it off properly. Correct shortest-path action

State 5 A Shift your focus to the desk to assess what still needs clearing. Invalid in current state

State 5 B Open the desk cabinet so you can stow tonight’s items inside. Correct shortest-path action

State 5 C Glance over at the table lamp to check whether the room is dim enough. Executable detour

State 5 D Take a moment to review the bedside cabinet before closing it up for the night. Executable detour

State 6 A Shift your focus to the table lamp to see if it still needs attention for the night. Executable detour

State 6 B Glance over at the trash can to check if anything else needs tossing before bed. Executable detour

State 6 C Take a look at the remote control in your hand to decide where it should go next. Invalid in current state

State 6 D The bedroom nightstand is still open — head back and deal with that next. Correct shortest-path action

State 7 A Shut the bedside cabinet to keep the room tidy for the night. Invalid in current state

State 7 B Pull the bedside cabinet open to check if anything needs to be put away. Invalid in current state

State 7 C Glance over at the bedside cabinet to see what’s still out. Invalid in current state

State 7 D Move in close to the nightstand — the cabinet needs shutting and you need to be
right there.

Correct shortest-path action

State 8 A Shift focus to the desk area to see what needs clearing for tomorrow. Executable detour

State 8 B Shut the bedside cabinet to keep the nightstand tidy before sleep. Correct shortest-path action

State 8 C Check the table lamp status to see if it needs dimming for bed. Executable detour

State 8 D Glance at the bedside cabinet to confirm what’s inside before closing. Invalid in current state

State 9 A Shift focus to the table lamp area to continue dimming the room for rest. Executable detour

State 9 B The remote control still needs to go — spot the trash can so you know where it’s
headed.

Correct shortest-path action

State 9 C Glance over at the desk surface to assess what else still needs to be cleared away. Executable detour

State 9 D Check the remote control in your hand to decide whether it should be put away. Invalid in current state

State 10 A Seal up the trash can so nothing spills out overnight. Invalid in current state

State 10 B Glance at the trash can to make sure it’s ready to receive items. Invalid in current state

State 10 C Pop open the trash can lid so you can drop things in. Invalid in current state

State 10 D Get to the trash can — the remote control in your hand needs to go there. Correct shortest-path action

State 11 A Set the remote control down near the trash can to keep the nightstand clear. Correct shortest-path action

State 11 B Check the bedside cabinet to make sure it’s properly closed for the night. Executable detour

State 11 C Take a closer look at the remote control to decide where it should go. Invalid in current state

State 11 D Turn your attention to the desk area to see what still needs clearing. Executable detour
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