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Large language model agents are increasingly designed for continual learning beyond parameter updates,
acquiring and updating knowledge from sequential experience while retaining useful prior knowledge.
Current evaluations offer limited insight into this capability, as they largely assess individual task perform-
ance rather than improvement through accumulated experience. We introduce Continual Learning Exam
(CLE), a benchmark developed by 50+ domain experts for measuring experience-driven improvement in
realistic professional workflows. CLE comprises 120 human-authored tasks, each organised as a five-level
ladder, for a total of 600 levels spanning 89 professional roles across 12 occupational domains. Agents must
pass each level to unlock the next, with later levels building on experience accumulated during earlier
assignments. Each submission is assessed by an evaluation agent against human-authored rubrics. We
compare a single submission per level with a setting that also provides diagnostic feedback on unmet
requirements after failure, allowing the agent to reflect on the feedback and resubmit once. Across 17
harness–model configurations, this feedback and revision opportunity yields a median completion gain of
5.3 percentage points. Yet even the best-performing system clears only 47.7% of levels and completes all
five levels in just 23.3% of tasks, highlighting continual learning as a key challenge for current LLM agents.
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Figure 1: Completion and improvement on CLE. A: Trial 2 completion across 17 configurations on 600
levels. B: Completion gains from Trial 1 to Trial 2, ranked independently; the dashed line marks the
median gain of 5.3 percentage points (pp). Trial 1 allows one submission per level; Trial 2 allows one
revision after diagnostic feedback. The highest completion is 47.7%, while the largest gain is 13.2 pp.
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1. Introduction

For large language model (LLM) agents, continual learning concerns acquiring and updating knowledge
from sequential experience while retaining useful prior knowledge [28, 39, 45]. Agents can incorporate
this experience into model parameters through supervised fine-tuning or reinforcement learning [61, 62],
or adapt through their harness while keeping parameters fixed. Through their harness, agents can, for
example, retain information in long-term memory [10, 38, 64], extract lessons through reflection [46, 71,
74], and develop reusable skills [51, 56, 57, 75]. Evaluating continual learning through these mechanisms
requires measuring whether accumulated experience improves agents’ subsequent performance.

However, most existing agent benchmarks assess individual task performance without directly meas-
uring such improvement. This limitation arises from how they are constructed. General capability bench-
marks such as GAIA evaluate whether agents solve individual problems [26, 35, 40]. Tasks are presen-
ted and scored independently; their scores therefore characterise task-solving performance, rather than
how that performance improves through continued learning. Memory benchmarks such as LoCoMo
test retrieval and reasoning over interaction histories through question answering [32, 58, 59], without
evaluating how retained knowledge improves subsequent task execution. Benchmarks for Claw-based
automation assistants, such as WildClawBench, evaluate agents in executable environments with persist-
ent state, long tool-use trajectories, and cross-application workflows [15, 33, 66]. Persistent state supports
continuity in workflow execution, but does not by itself establish that an agent becomes more capable
through experience. Evaluating cumulative improvement requires a sequence of task attempts that sup-
ports experience reuse under controlled feedback conditions.

To address this evaluation gap, we introduce the Continual Learning Exam (CLE), a benchmark for
evaluating continual learning in realistic human–AI cowork settings. Created by 50+ industry experts,
CLE comprises 120 human-authored and human-verified tasks across twelve professional domains, each
organised as a five-level ladder, for a total of 600 levels. In the main evaluation setting, agents must pass
each level to unlock the next. CLE also supports custom evaluation through blocks, defined as contiguous
segments of a task ladder that can begin at any level, with the required support files provided. Later
levels introduce new assignments that build on knowledge and experience accumulated through earlier
work. We design the task ladders around five forms of knowledge that agents can acquire, retain, and
reuse across levels, as illustrated in Figure 3. Tools and Skills capture reusable knowledge of how to use
tools and carry out tasks, while Data Dependency connects later assignments to earlier information and
artefacts. Strategy guides the choice of effective approaches and the avoidance of recurring pitfalls. User
Context and Domain Knowledge help align task execution with users’ preferences and professional rules
and conventions.

CLE provides a realistic environment for executing and evaluating continual learning assignments. It
includes 23,981 real-world input files spanning 77 distinct file extensions. To simulate the software en-
vironments used in these assignments, CLE provides 19 stateful mock applications exposing 1,024 APIs.
Together, these resources support collaborative workflows such as integrating collaborators’ changes in
Git repositories, coordinating meeting times around participants’ availability and preferences, and syn-
chronising project updates across applications. The stateful applications preserve the effects of agents’
actions across levels within each task. Submissions are assessed against human-authored and human-
verified rubrics containing 16,125 criteria across the benchmark. For each criterion, task authors specify
a single, unambiguous expected outcome and the evidence required to verify it. A multi-turn evaluation
agent acts as a verifier, using tools to extract evidence from submitted artefacts and final environment
state and check it against these predefined outcomes.
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We evaluate eleven backbone model variants in 17 configurations across four agent harnesses. All
systems execute the same fixed sequence of task ladders with model parameters frozen, retaining reusable
harness state across tasks. Trial 1 (K=1) permits one submission per level without diagnostic feedback.
In Trial 2 (K=2), a failed first submission returns diagnostic feedback based on the rubric, after which
the agent can revise and submit once more. Even with diagnostic feedback and an opportunity to revise
failed submissions, the best-performing system completes only 47.67% of levels. These results highlight
continual learning as a key challenge for current agent harnesses.

Our main contributions are:

• We introduce CLE, a continual learning benchmark comprising 120 five-level task ladders created
by 50+ industry experts. The ladders connect distinct assignments through five forms of transferable
knowledge, allowing agents to acquire, retain, and reuse experience in realistic human–AI cowork
settings.

• We develop an executable environment with real-world input files, stateful applications, and an
evaluation agent that grades submissions against 16,125 human-authored rubric criteria.

• We evaluate 17 configurations spanning 4 agent harnesses and 11 backbone model variants. Dia-
gnostic feedback and an additional submission yield a median completion gain of 5.3 percentage
points, yet even the best-performing system completes only 47.67% of levels.

2. Background and Preliminaries

2.1. Continual Learning

Continual learning (CL) concerns acquiring and updating knowledge from sequential experience while
retaining useful prior knowledge [28, 39]. At learning stage n, an agent with model parameters θn and
persistent state sn uses available experience en to update:

(θn+1, sn+1) = Un(θn, sn, en). (1)

Here sn denotes the persistent state of the agent’s harness, the system surrounding the model that orches-
trates how it observes, acts, retains experience, and learns. This state is carried into stage n; en denotes the
data and signals available for learning at that stage, whether obtained through interaction or provided
externally. The operator Un denotes the mechanism by which the learner updates itself from experience.
It encompasses parametric learning through changes to model parameters θn, non-parametric learning
through changes to persistent state sn, or a combination of both.

2.2. Continual Learning Capability Hierarchy

We propose a conceptual hierarchy of five cumulative tiers (T1–T5), based on learning autonomy and the
range of tasks and domains in which agents can learn (Figure 2). Each tier requires the capabilities of all
preceding tiers.

At T1, predefined rules determine which experience the agent learns from, when and how it updates,
and how it retains and reuses knowledge. At T2, the agent makes these learning decisions during execu-
tion within a given task family, using experience and feedback to check and revise what it has learned.
At T3, it adapts this learning process to unfamiliar domains without a new human-designed procedure

3



Continual Learning Exam

for each domain, while preserving and transferring useful prior knowledge. At T4, the agent additionally
designs investigations for an externally supplied research problem, without a supplied investigation or
validation plan. It formulates testable subquestions, chooses and carries out experiments, analyses, or
proofs, and determines how to check the resulting findings. It retains and reuses verified findings in later
investigations. At T5, the agent also formulates and selects research problems to pursue within a broad
objective and constraints, revising its research agenda as verified findings accumulate.

T1

Guided
Continual Learning

Externally Provided

Task goals and
prescribed rules
for learning.

Follow Prescribed
Learning Rules

Use predefined rules
to select experience,
update knowledge,
and retain and reuse
what was learned.

T2

Autonomous
Continual Learning

Externally Provided

Task goals within
a declared
task family.

Choose What,
When, and How
to Learn

Adjust learning
decisions using
experience and
feedback; check and
revise knowledge.

T3

Cross-Domain
Continual Learning

Externally Provided

Task goals in
unfamiliar domains.

Adapt Learning
Across Domains

Adapt learning
without human
redesign; retain and
transfer knowledge
across domains.

T4

Discovery-Driven
Continual Learning

Externally Provided

A research problem;
no investigation or
validation plan.

Investigate an
Assigned Problem

Design the study,
collect evidence,
validate findings,
and reuse them in
later investigations.

T5

Open-Ended
Continual Learning

Externally Provided

Broad objective and
constraints; no
assigned problems.

Choose Problems
and Set Priorities

Formulate and select
research problems;
revise the agenda
using findings from
earlier investigations.

Figure 2: Continual Learning Capability Tiers. The tiers are cumulative and distinguish learning
autonomy, cross-domain adaptation, research design, and problem selection.

Across all tiers, assessment should establish that agents use experience to improve subsequent work
while retaining useful prior knowledge. Agents may use human-designed harnesses and seek external
feedback [29]; autonomy concerns the learning decisions they make during execution. These capability
tiers are distinct from the five sequential levels (L1–L5) within each CLE task. CLE provides a foundation
for studying continual learning through connected assignments that support the accumulation and reuse
of experience. Appendix H provides the detailed definitions and assessment principles.

2.3. Related Concepts and Learning Mechanisms

Continual learning intersects with several concepts in agent research. Two prominent directions in recent
work are learning through memory and skills, and recursive self-improvement (RSI) [17, 31].

Memory and skills. Memory preserves information from earlier experience, while reflection can consol-
idate that experience into lessons for later use [38, 46]. Skill learning abstracts experience into reusable
procedures, which can take the form of executable code or workflows [56, 57]. With model parameters
fixed, both memories and learned procedures are carried across assignments in the persistent harness
state sn. As new experience arrives, the agent can revise this state and apply the updated knowledge
and procedures to subsequent work. These mechanisms support CL when this process improves later
performance while retaining useful prior capabilities.
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Recursive self-improvement. RSI concerns self-modifications that enhance a system’s capacity to pro-
duce further improvements [67], building on Good’s idea that intelligent machines could design more
capable machines [20]. For an LLM agent, this can involve revising its harness, using the revised system
on subsequent tasks, and applying the resulting experience to further revisions. The recursive element
is that these revisions improve how the agent proposes, evaluates, or implements later changes, poten-
tially modifying the learning mechanism Un itself. For this cycle to accumulate gains from experience,
what the agent learns in one round must be retained and used in later rounds. CL is therefore necessary
for experience-driven RSI. This connection was explored through self-modifying policies in lifelong rein-
forcement learning [44]. CL can also proceed under a fixed learning mechanism, so it does not require
recursive self-modification.

We provide a detailed comparison of related concepts and learning mechanisms in Table 1 to clarify
differences in their underlying principles and update targets.

Table 1: Related concepts and learning mechanisms. The categories may overlap, and the listed update
targets reflect representative implementations.

Concept Main idea What is updated

Learning goals
Continual Learning Acquiring and updating knowledge from

sequential experience while retaining useful
prior knowledge [39, 42].

Model parameters, persistent
memory, or reusable procedures,
depending on the method

Lifelong Learning Accumulating and reusing knowledge
throughout a system’s lifetime. The term is often
used interchangeably with CL [39, 54].

Model parameters, persistent
memory, or reusable procedures,
depending on the method

Training and inference approaches
Multi-Task Learning Joint training on multiple tasks to improve

generalisation through shared
representations [9].

Shared model parameters and,
where applicable, parameters
specific to each task

Meta-Learning Learning across tasks to improve subsequent
learning and adaptation [3, 18, 24].

Model parameter initialisations,
feature representations, or learned
update rules

In-Context Learning Conditioning predictions on examples or prior
interactions provided in the current context [7].

Input context and transient model
activations; model parameters
remain fixed

Test-Time Training Learning from inputs encountered during
execution. The adapted state may be reset
between sequences or retained across
them [49, 50, 52].

Model parameters or trainable
internal memory; backbone
parameters may remain fixed

Test-Time Scaling Allocating additional inference computation to
candidate generation, search, or response
verification and revision [47].

No update to model parameters or
persistent memory is required

Mechanisms for retaining and reusing experience
Parametric Experience
Learning

Supervised or reinforcement learning from
interaction trajectories and feedback [61, 62].

Model parameters

Reflection and Memory Retaining experience and distilling feedback into
lessons for subsequent decisions [38, 46].

Memory entries containing
experience records and distilled
lessons

Continued on next page
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Table 1 (continued)

Concept Main idea What is updated

Case-Based Reasoning Retrieving relevant cases, adapting their
solutions, evaluating outcomes, and retaining
new cases [1, 74].

Stored cases and, in some methods,
parameters governing case retrieval

Skill / Workflow
Learning

Deriving reusable procedures from experience
for subsequent tasks [56, 57].

Skill libraries, scripts, or stored
workflows

Forms of self-improvement
Harness Self-Evolution Revising the agent harness using feedback from

prior tasks to improve execution and experience
management [2, 68].

Prompts, tool implementations,
rules for memory management, or
control code

Recursive
Self-Improvement (RSI)

Self-modification that enhances the system’s
capacity to generate, evaluate, or implement
subsequent improvements [43, 67].

System code or architecture,
potentially including the learning
mechanism

Gödel Machine A theoretical system that executes code
modifications only after proving an increase in
expected utility under its formal
assumptions [43].

Any part of the system’s code,
including procedures for learning
and proof search

3. Related Work

Research on self-evolving agents explores how agents improve through accumulated experience. Para-
metric approaches incorporate experience into model weights through supervised fine-tuning or re-
inforcement learning. Non-parametric approaches keep model weights fixed and support adaptation
through mechanisms such as memory, reflection, and skill acquisition. Memory mechanisms retain and
retrieve information from earlier interactions, making relevant knowledge available beyond the current
context, as in MemGPT [38]. Reflection mechanisms analyse execution outcomes and feedback to derive
lessons that guide subsequent attempts, as in Reflexion [46]. Skill mechanisms capture procedural know-
ledge as reusable workflows that agents can invoke for later tasks, as illustrated by Voyager [56] and
Agent Workflow Memory [57]. These mechanisms are complementary: reflections and acquired skills can
themselves be retained in memory and retrieved to support subsequent task execution.

Agent benchmarks such as GAIA [35], WebArena [76], and SWE-bench [26] primarily assess task-
solving performance. Recent benchmarks explicitly evaluate how experience supports subsequent task
execution. MemoryArena [22] couples memory and action across interdependent sessions; LifelongA-
gentBench [72] evaluates learning across skill-grounded, interdependent tasks; and SkillFlow [70] stud-
ies skill discovery, refinement, and reuse across sequential tasks. CLE complements these efforts with
expert-authored professional assignments organised into five-level ladders, combining multiple forms of
knowledge reuse with a controlled protocol for diagnostic feedback and revision. In the main evaluation
setting, passing each level unlocks the next, while a predefined submission budget controls opportunities
for feedback and resubmission. We provide a detailed comparison with other benchmarks in Appendix B.
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Figure 3: Overview of CLE. Each human-authored task comprises five sequential levels linked by trans-
ferable knowledge. Agents interact with stateful applications through APIs, and an evaluation agent
verifies submissions against human-authored rubrics. A per-level submission budget of K=1 allows one
submission without diagnostic feedback; K=2 provides diagnostic feedback after a failed first submission
and permits one resubmission.

4. Continual Learning Exam

4.1. Benchmark Design

CLE comprises 120 tasks, each representing a realistic human–AI cowork setting and organised as a five-
level ladder, yielding 600 human-authored and human-verified levels in total. Developed by domain
professionals, each task is grounded in a specific occupational role, and its five levels represent different
work assignments that a practitioner in that role might encounter. Each level has a human-authored rubric
specifying the requirements that a submission must satisfy to pass. We describe the benchmark design in
detail below.

Coupled ladders with transferable knowledge. We design task ladders by connecting distinct profes-
sional assignments through information and artefacts encountered or produced during earlier work. Later
levels introduce new objectives and expected deliverables, with requirements that draw on information,
constraints, and procedures established in preceding levels. This structure supports evaluating whether
agents acquire and retain knowledge from earlier assignments and use it to improve their performance on
later ones. Across the benchmark, we organise these connections around five forms of transferable know-
ledge. Tools and Skills require agents to apply or adapt tool-use knowledge and procedures acquired
during earlier assignments to later work. Data Dependency makes earlier information and artefacts
inputs to subsequent deliverables, requiring agents to retrieve and integrate them with current task in-
puts. Strategy connects earlier experience to later decisions through the reuse of effective approaches and
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lessons for avoiding recurring pitfalls. User Context requires preferences learned through earlier interac-
tions to inform subsequent decisions and outputs. Domain Knowledge requires professional rules and
conventions established or inferred earlier to be applied under new task requirements. These connections
extend beyond adjacent levels, requiring agents to identify and use relevant experience from different
points in the ladder. Human-authored rubrics specify the outcomes and constraints that submissions
must satisfy, allowing the evaluator to assess the resulting deliverables and environment state.

Diagnostic feedback. Feedback is derived from human-authored rubrics that group detailed checklist
items into broader assessment categories. When the submission budget permits, a failed submission re-
ceives feedback identifying the relevant rubric category, while individual checklist items and reference
answers remain hidden. This feedback provides an explicit learning signal that the actor can use to invest-
igate the problem, revise its approach, and test the revision through another submission. Lessons from
this process can be retained in the harness and reused in later levels or tasks to avoid repeating the same
mistakes. The grading procedure is described in Section 4.2.

Stateful mock service. Each task supplies real-world input files and specifies the workspace and applic-
ation state required for its assignments. CLE provides 19 stateful mock applications exposing 1,024 APIs,
covering software used by the represented professional roles. These applications support collaborative
workflows such as integrating collaborators’ changes in shared repositories and coordinating meetings
around participants’ availability and preferences. Each application maintains its own database, initial-
ised separately for each run. Within a task ladder, files and application state can carry forward the effects
of earlier actions, allowing later assignments to build on prior work.

Block-based evaluation. An evaluation block is a contiguous segment of a task ladder. For task j ∈
{1, . . . , 120}, a block spanning levels k through m is represented as

B = (j, k, m), 1 ≤ k ≤ m ≤ 5. (2)

A single-level block has k = m, and a full-ladder block has (k, m) = (1, 5). The main experiments use
full-ladder blocks Bj = (j, 1, 5) for all 120 tasks, executed as a single serial stream in a fixed order, with
persistent harness state retained across tasks. Levels are completed in order; failure after exhausting the
submission budget ends the block, and its unreached levels count as failed.

Blocks can also be selected, repeated, or interleaved across tasks. We manually prepare and load the
support files required to start at each selected level, including necessary predecessor artefacts. Each level
retains its original assignment and rubric.

4.2. Agentic Evaluation

CLE evaluates each submission against a human-authored and human-verified rubric. For each level, the
task file describes the assignment, while a separate evaluation file contains the rubric. The evaluation file
and its reference materials remain hidden from the agent under test. For each checklist item, task authors
specify a concrete target, an expected outcome, and the evidence required for verification. Each item
is designed to admit a single, unambiguous pass/fail judgement for a given submission. A multi-turn
evaluation agent uses tools to extract evidence from submitted artefacts and authoritative application
state and check it against these predefined targets. The evaluator verifies the submitted work against
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human-verified reference materials rather than independently solving the task to generate its own refer-
ence answer. A submission passes only when every checklist item is satisfied. With a per-level submission
budget of K=1, the actor can submit once and receives no diagnostic feedback. With K=2, a failed first
submission returns diagnostic feedback based on the rubric, after which the actor may revise its work and
submit once more.

The evaluation agent runs in an isolated grading environment, separate from the agent under test.
A unique API credential identifies each run; a unified interface provides task inputs, file transfer, task
services, and grading requests, allowing actor execution and grading on separate machines. The actor
cannot access the evaluator’s private grading materials or workspace. Each grading request starts a fresh
Docker container isolated from the actor and other grading executions. Requests are logged to support
reproduction, re-grading, and auditing.

4.3. Problem Formulation

Task execution and submission verification form two linked decision processes in CLE. The actor modifies
task files and application state, and the evaluator checks submitted work against human-authored rubrics.
The actor can retain information and update reusable procedures in its harness, using experience from
execution and available feedback to guide subsequent actions.

Actor POMDP. We model execution as a Partially Observable Markov Decision Process (POMDP) [27],

MA = ⟨X ,A,O, P, Ω, RA⟩. (3)

Here X , A, and O are the state, action, and observation spaces. The environment state xt comprises
the current task and level, remaining budgets, workspace and service state, server-side logs, and private
grading materials. The actor observes task instructions, tool outputs, and permitted feedback through ot;
private rubrics and reference answers remain hidden.

Let st denote the state maintained by the harness and used by the actor to select actions. The actor’s
policy is πθ(a | st), where θ denotes the backbone parameters. In the main evaluation setting, task files
and service state evolve across levels according to the task manifest and are initialised for each new task.
Harness state is retained across tasks.

P specifies how actions change the state, Ω specifies the observations returned to the actor, and RA
scores task execution. An action at, such as a tool interaction or submission, produces a new state and
observation according to

xt+1 ∼ P(· | xt, at), ot+1 ∼ Ω(· | xt+1, at). (4)

Each submission consumes one attempt and pauses execution for verification. RA is 1 when a submission
is judged to satisfy every rubric item and 0 otherwise. A pass advances to the next level or task. After a
failure, the actor can revise if attempts remain; otherwise the run proceeds to the next task.

Evaluator MDP. On submission, the evaluator receives a fixed verification instance: submitted artefacts,
server-side application state, the private rubric, and reference answers. Its tools verify the submission
against the human-defined targets described in Section 4.2. We model verification as a fully observable
Markov Decision Process (MDP) and specify its dynamics through the state space, action space, and
transition kernel:

ME = ⟨Y ,AE, PE⟩. (5)
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The state y ∈ Y comprises the fixed verification inputs and current verification progress, including com-
pleted checks, their results, tool execution state, and remaining budget. Full observability is assumed at
the level of this verification workspace. Actions in AE extract content, execute checks, or return a verdict.
Given y and the chosen action, PE updates the verification progress while leaving the inputs unchanged.
The evaluator’s policy and configuration remain fixed. Verification terminates with pass if every rubric
item is judged satisfied, and failure otherwise. For a submission action, this verdict determines the actor’s
reward and progression through RA and P; the verdict and permitted diagnostic feedback are returned
through Ω.

Learning from experience. Let et = (at, ot+1) denote the new experience from an interaction, including
any task outcome or permitted diagnostic feedback returned in ot+1. In our evaluation, θ remains fixed.
Expressing the update in Equation (1) at each interaction step gives

(θ, st+1) = Ut(θ, st, et). (6)

The possibly stochastic operator Ut incorporates this experience into the harness state using only inform-
ation available to the actor. Combining this update with the actor’s policy and environment dynamics
yields the joint transition kernel

KA,t(x′, s′ | x, s) =
∑︁
a∈A
o′∈O

πθ(a | s) P(x′ | x, a)Ω(o′ | x′, a)

× Pr
[︀
Ut

(︀
θ, s, (a, o′)

)︀
= (θ, s′)

]︀
.

(7)

The probability in the last factor is over randomness in Ut. Updates can support both revision after
feedback within a level and experience reuse across assignments. Through πθ(a | s), changes to the
harness state can influence subsequent actions without changing the backbone parameters.

4.4. Data Construction

The task environments and grading specifications are authored by domain professionals. We recruited 50+
industry experts across a broad range of knowledge-intensive occupations. They include PhD researchers
across disciplines, software and hardware engineers, accountants, and financial and operations analysts,
among others. Each expert authors benchmark tasks around work from their own role that would benefit
from agent assistance and grounds those tasks in authentic input files rather than AI-generated artefacts.
The data construction pipeline is summarised in Figure 4.

Expert
Design

Submit to
Review

Agent Auto
Review &
Real Run

Dual Human
Review

Admitted
to CLE

Feedback

Figure 4: Data Construction Pipeline. A domain expert drafts each task from a workflow in their own
professional practice. The draft is audited by the review agent and cross-reviewed by two randomly
assigned human reviewers, and it enters CLE only after clearing both gates. A rejection at either gate
returns the task to its author for revision.

For each level, the task designer defines the occupational role and working context, provides the input
artefacts, specifies the expected deliverable, and writes a checklist of criteria that a passing submission
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must satisfy. A task-review agent then audits the draft using a review skill authored and refined by human
experts over multiple iterations. Following the skill’s predefined review criteria, the agent checks whether
each task meets the benchmark’s design requirements. The review includes checks on format compliance,
the authenticity of input files, answer leakage, rubric verifiability, and continual-learning design. The
review agent also switches to an actor role and runs the task end to end through the same interface
available to an evaluated agent. This real execution verifies that the task functions as intended, poses
a realistic and non-trivial challenge, and exhibits a clear progression in difficulty across levels. These
checks help keep the benchmark challenging for current agents, leaving room to measure gains from
continued learning. Each review returns one of five conference-style verdicts, Strong Accept, Accept,
Borderline, Major Revision, or Reject, together with itemised findings and concrete revision suggestions.
Task designers revise and resubmit their drafts until they meet the acceptance standard. We provide
further details in Appendix C.

Tasks receiving Accept or higher proceed to final human review. Each task is assigned two randomly
selected reviewers, who independently conduct a full manual review. A task is admitted only if both
reviewers accept it; otherwise, it returns to the task designer for revision. The 120 tasks that clear both the
automated and human review stages constitute the released benchmark.

4.5. Data Overview

CLE contains 120 tasks spanning occupational roles from twelve domains, with between 7 and 13 tasks
in each domain (Figure 5A). Each task is organised as a ladder of five gated levels, for 600 levels in total.
Tasks are written in the working language of their contributors, with 508 levels in English and 92 in
Chinese.

The released benchmark contains 23,981 files, including spreadsheets, JSON records, PDF documents,
email messages, images, audio recordings, and source code (Figure 5B). Task inputs consist of real-world
files spanning 77 extensions and retain noise such as duplicate records and conflicting information. Sub-
missions are evaluated against 16,125 human-authored checklist items, averaging 26.9 per level and 134.4
per task. The number of checklist items increases across levels (Figure 5C). We present an example of a
complete five-level task in Appendix F (Figure 10).

5. Experiment

5.1. Evaluation Setup

Systems under evaluation. We evaluate 17 agent configurations spanning four agent harnesses and
eleven backbone models (Table 2). The harnesses are Claude Code [11], Codex [12], Hermes-Agent [23],
and OpenClaw [37]. The backbone models are GPT-5.6-Sol [36], GPT-5.6-Terra, GPT-5.6-Luna, Claude
Opus 5 [4], Claude Sonnet 5 [5], Gemini 3.7 Flash [21], Doubao-Seed-Evolving [55], Qwen3.8-Max [41],
Hy3 [53], DeepSeek V4 Pro [14], and GLM 5.3 [73].

Evaluation protocol. Every system is run over the full benchmark as a single serial stream of all 120
ladders in one fixed order. The agent under test uses the benchmark API provided by CLE (Section 4.2)
as its sole interface for retrieving tasks and input files, observing the task environment, and submitting
deliverables for grading. In Trial 1 (K=1), each agent can submit once per level without diagnostic feed-
back. In Trial 2 (K=2), it can use diagnostic feedback from a failed first submission to revise and resubmit
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A  Domain Coverage — 120 Tasks, 600 Levels

Finance / Accounting / Risk / Tax 13 10.8%
Engineering / Architecture / Energy 12 10.0%
Healthcare / Clinical / Patient Ops 12 10.0%
IT Infrastructure / Cloud / Security 11 9.2%
Life Sciences / Pharma / Device 11 9.2%

Operations / Supply Chain / HR 10 8.3%

Software / Hardware / QA 10 8.3%
Business / Sales / Strategy / Product 9 7.5%
Data / AI / Analytics / Quant 9 7.5%
Legal / GRC / ESG / Public Service 8 6.7%
Research / Education / Science 8 6.7%

Media / Content / Design / Language 7 5.8%

B  Input File Types — 23,981 Files
Tabular — CSV, XLSX, TSV 7,119 29.7%
Documents & Mail — PDF, Markdown, TXT, EML, DOCX 6,655 27.8%

Structured — JSON, JSONL, YAML, SQL 4,020 16.8%
Images & Diagrams — PNG, JPG 2,638 11.0%
Source & HDL — Python, Verilog 1,256 5.2%
Web, Audio, Calendar, Geo & Other 2,293 9.6%

C  Rubric Size by Level — 16,125 Items

2,249

L1

2,648

L2

3,100

L3

3,708

L4

4,420

L5

Figure 5: CLE Statistics. (A) The 120 tasks (600 levels) grouped into twelve occupational families and
counted in tasks. (B) The 23,981 input files grouped by format family, counted in files. (C) The 16,125
human-authored checklist items by level, counted in items summed over the 120 tasks.

once.

Claude Code and Codex use official Anthropic and OpenAI subscriptions, respectively, while the
remaining agents access their models through a unified OpenRouter endpoint. For reasoning effort and
thinking mode, we use the default settings of the respective agents and models. Every verdict is produced
by the evaluation agent of Section 4.2, instantiated over DeepSeek V4 Flash [13]. To assess alignment with
human grading, we compare the evaluator’s judgements with adjudicated human labels on a validation
sample. The evaluator achieves 96.86% agreement at the rubric-item level (Appendix D, Table 4). The task
design supports this agreement. Each checklist item specifies an unambiguous expected outcome and the
evidence required for verification.

Metrics. We evaluate every system on all 120 tasks, and a level the agent never unlocks is scored as
failed. The per-level pass rate Lk is the proportion of tasks whose first k levels are all cleared within
the trial’s budget, so L5 is the proportion of tasks completed in full. Overall completion (Compl. %) is
the proportion of the 600 levels cleared. In addition to these pass rates, we report the resources each
trial consumes along three axes. Actor Tok. reports the total number of tokens consumed by the agent
under test. Time is the cumulative agent execution time, obtained by summing per-task active runtime
over the 120 tasks; we sum active runtime rather than the wall-clock span of the run so that queueing
delays, provider throttling, and parallelism across machines do not affect the measurement. Cost is the
corresponding end-to-end expenditure in USD.

5.2. Results and Analysis

Table 2 reports the results for all 17 agent configurations in Trials 1 and 2. Completing all five levels of a
task remains challenging for current agents, even with diagnostic feedback and an opportunity to revise
their work. We provide a more detailed analysis in Appendix G.
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Table 2: Main results on CLE. Rows are grouped by agent harness, with one backbone model per row.
Trial 1 allows one submission per level. Trial 2 allows a second submission after diagnostic feedback on a
failed first submission. Completion and level pass rates are reported as percentages. / indicate whether
higher/lower is preferred.

Setting
Trial 1 Trial 2

Compl.
Per-Level Pass Actor

Tok.
Time Cost Compl.

Per-Level Pass Actor
Tok.

Time Cost
L1 L2 L3 L4 L5 L1 L2 L3 L4 L5

Claude Code

Claude Opus 5 42.17% 79.17% 49.17% 37.50% 25.00% 20.00% 380.87M 32.80h $410.92 47.67% 85.83% 56.67% 39.17% 33.33% 23.33% 520.62M 58.90h $720.56

Claude Sonnet 5 27.00% 65.00% 35.00% 20.00% 8.33% 6.67% 470.51M 19.25h $220.95 40.17% 74.17% 48.33% 34.17% 25.00% 19.17% 1008.60M 37.10h $506.30

Codex

GPT-5.6-Sol 27.83% 58.33% 32.50% 23.33% 13.33% 11.67% 131.30M 23.10h $168.32 33.17% 65.00% 38.33% 26.67% 18.33% 17.50% 152.30M 28.20h $210.83

GPT-5.6-Terra 27.83% 62.50% 31.67% 20.00% 13.33% 11.67% 130.34M 18.60h $73.49 33.17% 68.33% 40.83% 25.83% 18.33% 12.50% 135.20M 20.20h $83.16

GPT-5.6-Luna 20.33% 50.83% 25.83% 13.33% 7.50% 4.17% 130.60M 16.20h $28.62 25.33% 56.67% 30.83% 19.17% 11.67% 8.33% 133.50M 19.10h $33.53

Hermes-Agent

Gemini 3.7 Flash 25.33% 55.00% 33.33% 19.17% 10.83% 8.33% 486.25M 46.10h $215.64 33.67% 62.50% 40.83% 30.00% 19.17% 15.83% 901.82M 102.20h $394.84

Doubao-Seed-Evolving 20.33% 48.33% 27.50% 14.17% 6.67% 5.00% 232.01M 64.40h $74.05 30.00% 62.50% 38.33% 22.50% 14.17% 12.50% 345.81M 81.20h $102.61

Qwen3.8-Max 25.67% 70.83% 33.33% 15.83% 5.83% 2.50% 267.82M 65.17h $118.71 26.67% 74.17% 34.17% 16.67% 5.83% 2.50% 286.43M 70.12h $134.54

Hy3 20.33% 50.83% 26.67% 13.33% 6.67% 4.17% 193.69M 35.90h $8.26 27.33% 60.83% 35.00% 19.17% 11.67% 10.00% 390.92M 80.30h $16.18

DeepSeek V4 Pro 21.83% 56.67% 27.50% 15.00% 5.83% 4.17% 312.56M 25.70h $44.81 27.33% 55.83% 33.33% 20.00% 14.17% 13.33% 685.93M 85.00h $96.51

GLM 5.3 22.50% 60.00% 27.50% 13.33% 7.50% 4.17% 290.76M 41.50h $82.61 24.00% 62.50% 30.00% 15.00% 7.50% 5.00% 320.54M 48.90h $102.58

OpenClaw

Gemini 3.7 Flash 18.67% 48.33% 24.17% 12.50% 5.83% 2.50% 323.78M 16.30h $182.65 24.00% 59.17% 32.50% 15.83% 6.67% 5.83% 524.45M 23.77h $212.33

Doubao-Seed-Evolving 14.50% 40.00% 15.00% 8.33% 5.00% 4.17% 150.83M 33.10h $32.60 21.17% 48.33% 26.67% 15.83% 8.33% 6.67% 172.62M 31.30h $40.50

Qwen3.8-Max 18.17% 60.00% 18.33% 9.17% 1.67% 1.67% 227.52M 52.42h $92.51 19.83% 65.00% 20.00% 10.83% 1.67% 1.67% 245.38M 58.42h $101.54

Hy3 9.83% 31.67% 7.50% 4.17% 3.33% 2.50% 190.89M 20.40h $10.27 14.00% 37.50% 12.50% 7.50% 6.67% 5.83% 198.80M 26.10h $11.95

DeepSeek V4 Pro 11.33% 30.83% 10.83% 6.67% 5.00% 3.33% 159.21M 24.70h $32.14 10.00% 30.00% 6.67% 5.83% 4.17% 3.33% 208.87M 32.70h $48.10

GLM 5.3 6.17% 26.67% 4.17% 0.00% 0.00% 0.00% 184.75M 14.60h $73.46 11.50% 27.50% 14.17% 9.17% 4.17% 2.50% 190.64M 25.60h $80.50

Overall performance. Even the best-performing configuration, Claude Code with Opus 5, completes
only 42.17% of levels in Trial 1 and 47.67% in Trial 2 (Figure 6A). In Trial 2, it completes all five levels
in 28 of the 120 tasks. Across the 17 configurations, the median cumulative pass rate in Trial 2 is 62.50%
at L1 but only 8.33% at L5 (Table 2). These results indicate that CLE remains far from saturated for the
evaluated models and agent harnesses.

Feedback and revision. Higher completion in Trial 1 does not necessarily imply larger absolute gains in
Trial 2. Of the 17 configurations, 16 achieve higher overall completion in Trial 2, with a median increase
of 5.33 percentage points (pp). Although Claude Code with Opus 5 leads in Trial 1 completion, Sonnet 5
shows a larger increase, at 13.17 pp compared with 5.50 pp (Figure 6A–B). These results motivate evalu-
ating gains from the additional feedback and revision opportunity alongside performance under a single
submission.

Improvements in overall completion do not always extend to later levels of the task ladder. With
Sonnet 5, the number of fully completed tasks increases from 8 in Trial 1 to 23 in Trial 2. By contrast, both
Qwen3.8-Max configurations show higher cumulative pass rates at L1–L3 but unchanged rates at L4–L5
(Table 2). These results motivate examining both how agents improve with feedback and revision and
whether those gains extend to later assignments that build on earlier experience.

Harness comparison. CLE evaluates the continual learning capability of the complete agent, includ-
ing how its harness retains and reuses experience and how its model reflects on feedback. To exam-
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0 20 40
Trial 2 Completion (%)

Claude Code / Opus 5 47.67
Claude Code / Sonnet 5 40.17
Hermes-Agent / Gemini 3.7 Flash 33.67
Codex / Sol 33.17
Codex / Terra 33.17
Hermes-Agent / Doubao-Seed-Evolving 30.00
Hermes-Agent / Hy3 27.33
Hermes-Agent / DeepSeek V4 Pro 27.33
Hermes-Agent / Qwen3.8-Max 26.67
Codex / Luna 25.33
Hermes-Agent / GLM 5.3 24.00
OpenClaw / Gemini 3.7 Flash 24.00
OpenClaw / Doubao-Seed-Evolving 21.17
OpenClaw / Qwen3.8-Max 19.83
OpenClaw / Hy3 14.00
OpenClaw / GLM 5.3 11.50
OpenClaw / DeepSeek V4 Pro 10.00

Harness / Model Score (%)

0 5 10 15
Trial 2 − Trial 1 (pp)

Claude Code / Sonnet 5 +13.17
Hermes-Agent / Doubao-Seed-Evolving +9.67
Hermes-Agent / Gemini 3.7 Flash +8.33
Hermes-Agent / Hy3 +7.00
OpenClaw / Doubao-Seed-Evolving +6.67
Claude Code / Opus 5 +5.50
Hermes-Agent / DeepSeek V4 Pro +5.50
Codex / Sol +5.33
Codex / Terra +5.33
OpenClaw / Gemini 3.7 Flash +5.33
OpenClaw / GLM 5.3 +5.33
Codex / Luna +5.00
OpenClaw / Hy3 +4.17
OpenClaw / Qwen3.8-Max +1.67
Hermes-Agent / GLM 5.3 +1.50
Hermes-Agent / Qwen3.8-Max +1.00
OpenClaw / DeepSeek V4 Pro -1.33

Harness / Model Gain (pp)

A  Completion Rate B  Gains from Feedback

Trial 1 Added in Trial 2 Decrease

Figure 6: Completion Rates and Feedback Gains.

ine differences across harnesses, we compare Hermes-Agent and OpenClaw on their six shared back-
bones. Hermes-Agent achieves higher completion for every backbone under both submission budgets
(Figure 6A). Its mean advantage increases from 9.56 pp in Trial 1 to 11.42 pp in Trial 2, where their mean
completion rates are 28.17% and 16.75%, respectively. The differences extend to gains from feedback and
revision. With DeepSeek V4 Pro, Hermes-Agent improves by 5.50 pp, whereas OpenClaw declines by
1.33 pp (Figure 6B). Appendix G provides the detailed comparisons.

Resource costs. Resource comparisons depend on both the completion metric and the resource con-
sidered. In Trial 2, Codex with Terra and Sol both achieve 33.17% overall completion, but Terra costs
$83.16 and takes 20.20 hours, compared with $210.83 and 28.20 hours for Sol. However, Sol completes 21
full tasks compared with Terra’s 15 (Table 2). Equal overall completion thus masks differences in full-task
completion, which matter when interpreting total resource use.

Monetary cost and runtime also yield different trade-offs. Hermes-Agent with Hy3 lies on the ob-
served cost–completion frontier but not the runtime–completion frontier, achieving 27.33% completion
for $16.18 while requiring 80.30 hours (Figure 7A–B). These totals cover complete evaluation runs, whose
workloads vary with the levels reached and revisions performed. Together, these results motivate as-
sessing resource use alongside both overall and full-task completion, while treating monetary cost and
runtime as separate constraints.

6. Conclusion

We introduced the Continual Learning Exam (CLE), a benchmark for evaluating continual learning in
realistic human–AI cowork settings. CLE comprises 120 human-authored and human-verified tasks,
each organised as a five-level ladder that connects successive assignments through reusable information
and artefacts. Stateful environments and human-defined rubrics support task execution and verification
throughout each ladder. Across 17 agent configurations with fixed model parameters, the best-performing
system completes only 47.67% of levels, even with diagnostic feedback and an opportunity for revision.
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Figure 7: Completion versus Cost and Runtime. A–B show all 17 Trial 2 configurations; colours identify
harnesses. Upper left is better. Bold labels and larger markers identify the observed Pareto frontier, traced
by the step. Resource totals cover full evaluation runs.

Feedback and revision improve most configurations, but these gains do not consistently extend to com-
pleting entire task ladders. CLE remains challenging for current models and agent harnesses, providing
a setting for developing and evaluating methods that acquire, retain, and reuse experience to improve
performance across successive assignments.
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B. Benchmark Comparison

We compare CLE with other agent benchmarks across task design, learning protocol, and feedback and
grading (Table 3). The criteria for each column are defined below.

Task design. Human-authored / verified: every task is human-authored or individually human-verified;
marks mixed provenance such as generated tasks with only sampled human review. Stateful env.: the

agent interacts with a mutable web, app, API, OS, database, or service environment, rather than only
local static files or final-answer strings; marks environments available for only part of the tasks. Multi-
Modal: at least one task includes a non-text input the agent must process, such as images, screenshots,
audio, video, or visually grounded documents.

Learning protocol. Tiered tasks: tasks unlock in an ordered curriculum; marks a fixed order without
gating, or gating present only in a subset of tasks. Cross-level reuse: later levels require artefacts, facts,
or strategies produced in earlier levels; marks settings where earlier work only helps, or where the de-
pendence appears only in a subset of tasks. Config. attempts: the protocol grants a configurable per-level
submission budget in which a failed attempt returns feedback the agent can act on before resubmitting.
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Feedback and grading. Milestone feedback reports progress through task stages without disclosing
failures on individual evaluation criteria. Agentic judge denotes grading by an evaluation agent with
tools; indicates LLM-based grading without tool use. Audit trail provides access to judgements on
individual criteria, supporting evidence, or evaluator logs; indicates task-level pass/fail results with
execution logs only.

Table 3: Comparison of agent benchmarks. ✓ indicates that the benchmark meets the criterion in that
column. indicates that it meets the criterion only partially or for some tasks or settings. ✗ indicates that
the feature is absent or is not a focus of the benchmark.

Task Design Learning Protocol Feedback and Grading

Benchmark
Human

Authored /
Verified

Stateful
Env.

Multi-
Modal

Tiered
Tasks

Cross-
level

Reuse

Config.
Attempts

Milestone
Feedback

Agentic
Judge

Audit
Trail

WebArena [76] ✓ ✓ ✗ ✗ ✗ ✗ ✗

OSWorld [63] ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗

Terminal-Bench [34] ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✓

GAIA [35] ✓ ✗ ✓ ✗ ✗ ✗ ✗ ✗

CL-bench [16] ✓ ✗ ✗ ✓ ✗ ✗ ✓

Agents’ Last Exam [48] ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✓

Humanity’s Last
Exam [40]

✓ ✗ ✓ ✗ ✗ ✗ ✗ ✓

AgentBench [30] ✓ ✗ ✗ ✗

SWE-bench [26] ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓

τ-bench [65] ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✓

MCPMark [60] ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗

Gaia2 [19] ✓ ✓ ✗ ✗ ✗ ✓

ARC-AGI-3 [6] ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓

Claw-Eval [66] ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✓

ClawBench [69] ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✓

ClawMark [33] ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓

WildClawBench [15] ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✓

ClawArena [25] ✓ ✗ ✓ ✗ ✗ ✓

LifelongAgentBench
[72]

✓ ✗ ✗ ✗ ✗

SkillFlow [70] ✓ ✓ ✗ ✗ ✓

StuLife [8] ✓ ✗ ✓ ✗ ✗ ✗

CLE (Ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

C. Agent Auto Review with Feedback

We use a task-review agent to conduct the initial review of each task draft and provide feedback to its
author for revision before final review by two human reviewers.

Human expertise as a review skill. The auto-review process follows criteria derived from human ex-
pertise in task design. We consolidate review criteria developed and iteratively refined by the benchmark
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development team into a reusable review skill. The skill specifies what the review agent should inspect,
how to apply the review criteria, and how to organise its findings into actionable feedback for the task
contributor.

Feedback-driven human–agent iteration. As illustrated in Figures 4 and 8, an author submits a draft
and the review agent applies the skill to the full ladder, including its instructions, artefacts, environment
state, and evaluation rubric. It returns evidence-grounded findings that identify the affected component,
explain why it violates a design criterion, and suggest a concrete direction for revision. Task authors use
the feedback to revise their drafts and submit them for another round of review. This cycle can repeat
throughout task construction.

Figure 8: Review-Agent Interface Used during Task Construction. A task contributor uploads a com-
plete five-level task together with its supporting files and receives a conference-style verdict, review com-
ments, and revision suggestions after the review agent completes its execution and design checks.

Final human review. Tasks receiving an automated verdict of Accept or Strong Accept proceed to in-
dependent review by two human reviewers. A task is admitted to the benchmark only if both reviewers
accept it; otherwise, it returns to the author for revision. This separation of roles combines the coverage
and consistency of agent-assisted review with the contextual judgement and accountability of human ex-
perts. The development team can refine the review skill based on recurring issues identified during task
construction, allowing lessons from earlier review rounds to improve feedback for later task authors.

D. Human–Agent Grading Agreement

Alignment with human grading. We assess the evaluation agent’s agreement with human grading at
the rubric-item level. The validation sample covers all five levels of 12 tasks, comprising 60 submissions
and 732 rubric items. Human annotators independently label each item and resolve disagreements to
establish reference labels. All judges are provided with the same fixed submissions and environment
evidence. Our evaluation agent with DeepSeek V4 Flash achieves 96.86% agreement with the human
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reference labels. Table 4 reports pairwise agreement among the human reference labels and the three
agent judges.

Table 4: Agreement on Individual Rubric Items. Each cell reports the percentage of rubric items receiving
the same label from the corresponding pair of judges. Column numbers correspond to the numbered rows.
Human annotators independently assess each rubric item and resolve disagreements to establish the refer-
ence labels. Judge 2 is CLE’s evaluation agent with DeepSeek V4 Flash. Judges 3 and 4 provide additional
comparisons using representative frontier agent–model combinations: Claude Code with Claude Opus 5
and Codex with GPT-5.6-Sol, respectively.

Judge

1 2 3 4

1 Human Annotators 100.00% 96.86% 97.27% 95.49%
2 Ours w/ DeepSeek V4 Flash 96.86% 100.00% 96.58% 92.90%
3 Claude Code w/ Claude Opus 5 97.27% 96.58% 100.00% 95.22%
4 Codex w/ GPT-5.6-Sol 95.49% 92.90% 95.22% 100.00%

Stability across repeated runs. To measure repeatability, we grade a fixed set of submissions covering
556 rubric items three times using the evaluation agent with DeepSeek V4 Flash. Each run starts from
a fresh session, with the model, tool access, rubrics, and submitted evidence held fixed. As shown in
Table 5, 553 of the 556 items receive the same label in all three runs, yielding 99.46% agreement. These
results show high repeatability of item-level grading under fixed evaluation conditions.

Table 5: Stability of the evaluation agent across repeated runs. A fixed set of submissions is graded in
three fresh sessions. Agreement is the percentage of the 556 rubric items that receive the same label in all
three runs.

Judge Total checklist
items

Consistent
items

Agreement
(%)

Ours w/ DeepSeek V4 Flash 556 553 99.46

E. Additional Benchmark Data Analysis

Level-wise statistics. The average checklist size increases from 18.74 items at L1 to 36.83 at L5, task-brief
length from 246 to 466 words, and the number of rubric sections from 4.10 to 5.74 (Table 6). Increases in
checklist size and task-brief length are larger at the upper levels. Since a submission must satisfy every
checklist item to pass, later levels require more conditions to be met simultaneously.

Cross-level file references. References to earlier-level files are common across CLE and become more
prevalent at later levels. Overall, 88 of the 120 task ladders contain at least one such reference in a task
specification or evaluation rubric. The number of ladders with these references increases from 73 at L2 to
84 at L5 (Figure 9).
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Table 6: Task Statistics by Level. Each column summarises checklist size, task-brief length, and the num-
ber of rubric sections across the 120 tasks at the corresponding level.

L1 L2 L3 L4 L5

Checklist Items (Mean) 18.74 22.07 25.83 30.90 36.83
Checklist Items (Median) 16.00 19.00 22.00 27.50 34.50
Checklist Items (Max) 75 85 82 87 112
Brief Length (Mean Words) 246 271 300 375 466
Rubric Sections (Mean) 4.10 4.39 4.52 5.21 5.74

Cross-Level File References

Tasks Referencing Earlier-Level Files; 120 Tasks at Each Level

L2 73 60.8%

L3 75 62.5%

L4 75 62.5%

L5 84 70.0%

Figure 9: Cross-Level File References. Number and percentage of the 120 task ladders whose task spe-
cification or evaluation rubric at each level refers to files from an earlier level.

F. Task Example

To illustrate CLE more concretely, we present a complete five-level task example in Figure 10. Each row
presents one level’s assignment, representative inputs and deliverables, the software involved, and the
number of human-authored rubric criteria.

G. Additional Analysis

G.1. Task Progression

Early termination remains common under both submission budgets (Figure 11A–B). For every configura-
tion in Trial 1, more than half of the 120 tasks end with zero or one completed level, from 61 tasks (50.83%)
for Claude Code with Opus 5 to 115 (95.83%) for OpenClaw with GLM 5.3. Across the 17 configurations,
the median number of such tasks falls only from 87 (72.50%) in Trial 1 to 80 (66.67%) in Trial 2, and Claude
Code with Opus 5 is the only configuration that drops below half in Trial 2, at 52 tasks (43.33%).

Performance at L1 constrains but does not determine how far a configuration gets (Figure 11C). In
Trial 2, the Spearman correlation across the 17 configurations between the L1 pass rate and overall com-
pletion is ρ = 0.75, but between the L1 and L5 pass rates it is only ρ = 0.42. The two Qwen3.8-Max
configurations are the clearest case. At L1 they pass 74.17% of tasks with Hermes-Agent and 65.00% with
OpenClaw, both above the median of 62.50%. At L5 they pass 2.50% and 1.67%, both below the median
of 8.33%, and the OpenClaw rate is the lowest of the 17 configurations. OpenClaw falls below the median
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A Five-Level Task Example in CLE PhD Domain Research / Education / Science Role Ph.D. Student

L1 Literature Curation
The group is starting a τ²-bench reproduction sprint, and Mike has
scattered paper references across Slack and email while Ricky has sent
two more links in a WeChat screenshot. Collect every paper mentioned
across these sources and the existing research plan, verify its title,
first author, venue, year, and arXiv ID, and add it to the existing Agent-
Memory Reading Queue in Notion. Email Mike a summary and record
the process in notes_t1.md.

wechat_group.png plan_2026H2.md Image notion · reading_queue Database

title            first author      arXiv
MemGPT           Charles Packer    2310.085
MemoryBank       Wanjun Zhong      2305.102
Mem0             Prateek Chhikara  2504.194
A-MEM            Wujiang Xu        2502.121
τ²-bench         ---               2506.079
SWE-bench        ---               2310.067

notes_t1.md Markdown

## What      queue built from four surfaces
## Tools     slack, notion, web search, mai
## Decisions ID 2509.25911 -> 2510.12635
             Advisor docs: no arXiv ID
## Next      trace the figure (L2)

Input Modalities
Text Messages · Email · PNG Screenshot · Markdown · Database
Records · Web Pages

Software

Slack Email Notion Web

Human-Authored Rubric
20 Criteria

L2 Multimodal Paper Retrieval
Will has emailed an unlabelled figure that he thinks came from the original
tau-bench paper and needs exact quotations for his journal-club slides.
Trace the figure to its true source and record the paper title, first
author, arXiv ID, year, figure number, and the three requested passages
verbatim in source.md. Update the shared Google Doc with the
corrected attribution, reply to Will, and record the process in
notes_t2.md.

msg-201 attachment Image source.md Markdown

paper   τ²-bench (Dual-Control) 2025
arXiv   2506.07982           figure  Figure
author  Victor Barres (first author)
term    Decentralized Partially Observable
        Markov Decision Process / Dec-POMDP
sim     gpt-4.1-2025-04-14
telecom 2,285 generated  |  114 sampled

reply · to Will Email

To: Will
The diagram shows tools and a database on
both sides, so the setting is dual-control:
τ²-bench 2506.07982, not tau-bench.

Input Modalities
Email · PNG Figure · Paper Text and Source · Web Pages

Software

Email Shared Docs Web

Human-Authored Rubric
12 Criteria

L3 Related-Work Review
Before the group meeting, Mike needs a complete list of papers submitted
to arXiv from July 7 to July 13, 2026 that are genuinely relevant to the
group's work. Search the window exhaustively and log every query,
candidate ID, and inclusion or exclusion decision in search_log.md.
Combine the accepted papers with the original τ²-bench paper in
references.bib, preserving its complete author order and official code
URL. Trace Will's table screenshot and decide whether it belongs in
the list. Write a standard-library validator and save its results in
bib_validation.json, add the new papers to Notion, find a shared 60-
minute slot for you, Mike, Will, and John between 09:00 and 17:00 UTC
during July 27–31, schedule the group meeting, email Mike with the
bibliography attached, and update notes_t3.md.

msg-301 note.jpg Image msg-302 results.png Image references.bib BibTeX

@misc{barres2025tau2,
 author = {Victor Barres and ... an
           Karthik Narasimhan},
 url    = {github.com/sierra-resear
           tau2-bench},
 eprint = {2506.07982}}
validation: 0 missing fields

calendar · four attendees Calendar

2026-07-28  14:00-15:00 UTC
Mike, Will, John, agent
John's calendar is Europe/Paris;
one slot survives the conversion

Input Modalities
Messages · Email · JPG Note · PNG Table · Web Pages · Database and
Calendar State

Software
Slack Email Notion

31 Calendar Meeting Web

Human-Authored Rubric
20 Criteria

L4 Code Reproduction
Sam has graduated, leaving a complete Git repository, raw run records, and
a slide of February results that Mike suspects do not match the published
values. Clone the bare repository before modifying it and first show
that its current pipeline reproduces Sam's slide. Use the code,
configuration, paper, branches, and Git history to identify every metric
error, name the responsible commits, and explain the direction of each
error. Determine whether the comparison material in Sam's scratch
directory is valid, repair the pipeline, recompute the full table with
solved counts and denominators, define one comparison rule, and
apply it consistently to every published baseline. Save the results as
repro_table.json, regression_report.md, reproduction_verdict.json,
repro_vs_paper.svg, answer.json, and notes_t4.md.

group_slide.png Image published_a.png Image leaderboard.png Image git log Git

reward>0 as solved
paired filter reverted
  denominator 85 -> 87
"task-weighted" false
manifest gate dropped
fix/paired-set unmerged

repro_table.json JSON

air GPT4.1 27/50  ok
ret GPT4.1 82/114 ok
tel GPT4.1 55/114 NO
air Claude 24/50  ok
ret Claude 68/114 NO
tel Claude 54/114 ok
answer: 2 not repro.

Input Modalities
Bare Git Repository · JSONL and Logs · PNG Images · Markdown ·
YAML · Paper and Web

Software

Git Shell / Python Email Web

Human-Authored Rubric
17 Criteria

L5 Experiment Validation
Mike now wants the corrected pipeline in the lab's shared repository and a
reproduction package that an external auditor can run independently.
Commit the fixes on a new branch and push them without losing
John's newer work in the remote. Recompute the table from
runs_batch2 to confirm that the repair generalises, then build
repro_capsule according to artifact_checklist.md with documentation,
pinned dependencies, a parameterised entry point, results, a rerun
transcript, and a hashed manifest. Use Priya's local-time availability to
schedule a 45-minute walkthrough with Priya and Mike, create the
calendar event, and reply to confirm it. Finally, email Mike that the
integration and capsule are complete and record the process in
notes_t5.md.

MANIFEST.json JSON

{ "files": [
   {"path": "README.md",        "sha256": "...
   {"path": "run_all.sh",       "sha256": "...
   {"path": "repro_table.json", "sha256": "...
   {"path": "transcript.txt",   "sha256": "...

README.md Markdown

## Limitations
- telecom GPT-4.1 and retail Claude are
  not reproduced under the corrected metric
- the Claude airline-memory cell stays
  uncomputable (invalid pm-2.0-rc1 batch)
- exact reproduction is bounded by the
  released run batches

git push calendar Git / Calendar

$ git push origin main
 ! [rejected]  main -> main (non-fast-forward)
remote is ahead: John's collaborator_note.md
-> fetch + merge; force-push is disallowed
audit  2026-08-27  16:00-16:45 UTC  Mike, Priy

Input Modalities
Git Repository · JSONL and Logs · Markdown Checklist · Email ·
Calendar State

Software

Git Shell / Python Email 31 Calendar

Human-Authored Rubric
17 Criteria

Figure 10: A Five-Level Task Example from the Continual Learning Exam.

at L2 and Hermes-Agent at L3.

The median conditional pass rate across configurations rises at every transition (Figure 12), from
50.00% (L1→L2) to 75.00% (L4→L5) in Trial 1 and from 55.17% to 80.00% in Trial 2. In Trial 1, the last
two medians exclude OpenClaw with GLM 5.3, for which no task passed L3. These increases do not
show that later assignments are easier. Each rate is measured only on tasks that cleared every earlier level,
so it is computed over a progressively more favourable subset of tasks, and on those tasks the agent also
carries forward the experience of the levels it has already cleared. The conditional pass rates reflect both
effects.
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Median

Exact Number of Levels Passed
0 = failed L1; 5 = completed all five levels

A Trial 1 (K = 1)
0 1 2 3 4 5

B Trial 2 (K = 2)
0 1 2 3 4 5

Claude Code
Opus 5 25 36 14 15 6 24 17 35 21 7 12 28

Sonnet 5 42 36 18 14 2 8 31 31 17 11 7 23

Codex
Sol 50 31 11 12 2 14 42 32 14 10 1 21

Terra 45 37 14 8 2 14 38 33 18 9 7 15
Luna 59 30 15 7 4 5 52 31 14 9 4 10

Hermes-Agent
Gemini 3.7 54 26 17 10 3 10 45 26 13 13 4 19

Doubao 62 25 16 9 2 6 45 29 19 10 2 15
Qwen3.8 35 45 21 12 4 3 31 48 21 13 4 3

Hy3 59 29 16 8 3 5 47 31 19 9 2 12
DeepSeek V4 52 35 15 11 2 5 53 27 16 7 1 16

GLM 5.3 48 39 17 7 4 5 45 39 18 9 3 6
OpenClaw
Gemini 3.7 62 29 14 8 4 3 49 32 20 11 1 7

Doubao 72 30 8 4 1 5 62 26 13 9 2 8
Qwen3.8 48 50 11 9 0 2 42 54 11 11 0 2

Hy3 82 29 4 1 1 3 75 30 6 1 1 7
DeepSeek V4 83 24 5 2 2 4 84 28 1 2 1 4

GLM 5.3 88 27 5 0 0 0 87 16 6 6 2 3

Cell values and shading show task counts (out of 120)

Figure 11: Task Progression across Five Levels. (A–B) Distribution of tasks by the number of levels
completed (0–5) in Trial 1 (K = 1) and Trial 2 (K = 2). Each row sums to 120 tasks; darker cells indicate
larger counts. (C) Cumulative pass rates in Trial 2, measured over all 120 tasks at each level. Colours
identify harnesses. The black curve shows the median across the 17 agent configurations. Claude Code
with Opus 5, the configuration with the highest overall completion, is highlighted.

Despite the rising medians, later bottlenecks remain common. In Trial 2, 8 of the 17 configurations
have a later transition with a lower conditional pass rate than their L1→L2 rate. OpenClaw with Qwen3.8-
Max, for example, passes L4 on only 2 of the 13 tasks that passed L3 (15.38%). These late rates also rest
on few tasks. Across configurations, the median denominator in Trial 2 falls from 75 tasks at L1→L2 to
14 at L4→L5, and 7 of the 17 configurations have fewer than 10 tasks at the final transition. The same
OpenClaw configuration’s L4→L5 rate is 100.00%, from 2 tasks.

G.2. Feedback and Revision Gains

Small absolute gains at later levels can represent substantial improvements over their low baselines.
Across configurations, the median increase from Trial 1 to Trial 2 is 7.50 pp at L2 and 3.33 pp at L5 (Fig-
ure 13). Dividing each configuration’s increase by its own Trial 1 pass rate before taking the median, the
corresponding median relative increases are 22.50% and 75.00%; the L2 median uses all 17 configurations
and the L5 median 16, excluding OpenClaw with GLM 5.3, whose Trial 1 L5 pass rate is zero.

Changes in first-level performance alone do not capture the gains in full-task completion. For Claude
Code with Sonnet 5, gains reach +16.67 pp at L4 and +12.50 pp at L5, compared with +9.17 pp at L1.
Hermes-Agent with DeepSeek V4 Pro loses 0.83 pp at L1 while gaining 9.17 pp at L5, showing that more
tasks can be completed in full even when fewer pass L1. Each difference compares two complete gated
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L1 →  L2 L2 →  L3 L3 →  L4 L4 →  L5

Claude Code / Opus 5

Claude Code / Sonnet 5

Codex / Sol

Codex / Terra

Codex / Luna

Hermes / Gemini 3.7

Hermes / Doubao

Hermes / Qwen3.8

Hermes / Hy3

Hermes / DeepSeek V4

Hermes / GLM 5.3

OpenClaw / Gemini 3.7

OpenClaw / Doubao

OpenClaw / Qwen3.8

OpenClaw / Hy3

OpenClaw / DeepSeek V4

OpenClaw / GLM 5.3

62.1 76.3 66.7 80.0

53.8 57.1 41.7 80.0

55.7 71.8 57.1 87.5

50.7 63.2 66.7 87.5

50.8 51.6 56.2 55.6

60.6 57.5 56.5 76.9

56.9 51.5 47.1 75.0

47.1 47.5 36.8 42.9

52.5 50.0 50.0 62.5

48.5 54.5 38.9 71.4

45.8 48.5 56.2 55.6

50.0 51.7 46.7 42.9

37.5 55.6 60.0 83.3

30.6 50.0 18.2 100.0

23.7 55.6 80.0 75.0

35.1 61.5 75.0 66.7

15.6 0.0 — —

A   Trial 1

L1 →  L2 L2 →  L3 L3 →  L4 L4 →  L5

66.0 69.1 85.1 70.0

65.2 70.7 73.2 76.7

59.0 69.6 68.8 95.5

59.8 63.3 71.0 68.2

54.4 62.2 60.9 71.4

65.3 73.5 63.9 82.6

61.3 58.7 63.0 88.2

46.1 48.8 35.0 42.9

57.5 54.8 60.9 85.7

59.7 60.0 70.8 94.1

48.0 50.0 50.0 66.7

54.9 48.7 42.1 87.5

55.2 59.4 52.6 80.0

30.8 54.2 15.4 100.0

33.3 60.0 88.9 87.5

22.2 87.5 71.4 80.0

51.5 64.7 45.5 60.0

B   Trial 2

0 20 40 60 80 100
Tasks Clearing the Next Level, among Those That Reached It (%)

Figure 12: Conditional Progression between Adjacent Levels. Each cell shows the percentage of tasks
that passed Lk+1 among those that passed Lk. Values are rounded to one decimal place. A dash indicates
that no task passed Lk.

runs, so it reflects both access to later levels and success on the levels reached.

G.3. Harness Comparison

Hermes-Agent achieves higher full-task completion than OpenClaw for every shared backbone under
both submission budgets (Figure 14). The margin is only one task in four of the twelve backbone–budget
comparisons. Its mean advantage in full-task completion across the six backbones grows from 2.36 pp in
Trial 1 to 5.56 pp in Trial 2. Its Trial 2 advantage in overall completion ranges from 6.83 pp for Qwen3.8-
Max to 17.33 pp for DeepSeek V4 Pro. In Trial 2, its mean actor-token usage and cost are 1.90 and 1.71
times those of OpenClaw, respectively (Table 2). These totals cover runs that reach different levels and
perform different amounts of revision, so they do not establish efficiency on matched workloads.

28



Continual Learning Exam

L1 L2 L3 L4 L5

Claude Code / Opus 5

Claude Code / Sonnet 5

Codex / Sol

Codex / Terra

Codex / Luna

Hermes / Gemini 3.7

Hermes / Doubao

Hermes / Qwen3.8

Hermes / Hy3

Hermes / DeepSeek V4

Hermes / GLM 5.3

OpenClaw / Gemini 3.7

OpenClaw / Doubao

OpenClaw / Qwen3.8

OpenClaw / Hy3

OpenClaw / DeepSeek V4

OpenClaw / GLM 5.3

+6.7 +7.5 +1.7 +8.3 +3.3

+9.2 +13.3 +14.2 +16.7 +12.5

+6.7 +5.8 +3.3 +5.0 +5.8

+5.8 +9.2 +5.8 +5.0 +0.8

+5.8 +5.0 +5.8 +4.2 +4.2

+7.5 +7.5 +10.8 +8.3 +7.5

+14.2 +10.8 +8.3 +7.5 +7.5

+3.3 +0.8 +0.8 0.0 0.0

+10.0 +8.3 +5.8 +5.0 +5.8

-0.8 +5.8 +5.0 +8.3 +9.2

+2.5 +2.5 +1.7 0.0 +0.8

+10.8 +8.3 +3.3 +0.8 +3.3

+8.3 +11.7 +7.5 +3.3 +2.5

+5.0 +1.7 +1.7 0.0 0.0

+5.8 +5.0 +3.3 +3.3 +3.3

-0.8 -4.2 -0.8 -0.8 0.0

+0.8 +10.0 +9.2 +4.2 +2.5

−18 −9 0 9 18
Trial 2 − Trial 1 Pass Rate (Percentage Points)

Figure 13: Feedback and Revision Gains at Each Level. Cells show Trial 2 minus Trial 1 pass rate in
percentage points across all 120 tasks. Blue indicates an increase, red a decrease, and the neutral midpoint
no change. Differences use integer pass counts before rounding.

G.4. Effect of Model Generation

To examine whether newer model generations improve performance on CLE, we compare Gemini 3.6,
3.7, and 3.8 Flash with Hermes-Agent under both submission budgets (Table 7). Across generations, we
hold the harness configuration, task set and order, tools, and state retention fixed.

Gemini 3.7 Flash achieves the highest overall completion and full-task completion in both trials. In
Trial 1, its overall completion reaches 25.33%, compared with 21.00% for Gemini 3.6 and 21.17% for Gem-
ini 3.8. Gemini 3.8 also consumes more actor tokens than Gemini 3.7 (795.78M versus 486.25M), while
completing fewer levels and full tasks.

All three models improve in Trial 2. Gemini 3.8 shows the largest increase in overall completion, gain-
ing 9.50 percentage points, but still trails Gemini 3.7 in both overall completion (30.67% versus 33.67%)
and fully completed tasks (14 versus 19). Across these three generations, performance therefore does not
improve consistently with model updates, even when diagnostic feedback and revision are available.
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Figure 14: Harness Comparison on Six Shared Backbones. Grouped bars compare Hermes-Agent and
OpenClaw under the same submission budget. (A–B) Overall completion out of 600 levels. (C–D) Full-
task completion out of 120 tasks.

Table 7: Gemini model-generation comparison with Hermes-Agent. All variants use the full 120-task
protocol and the metrics of Table 2. Gemini 3.7 Flash reuses the main-table runs.

Model
Trial 1 Trial 2

Compl.
Per-Level Pass Actor

Tok.
Time Cost Compl.

Per-Level Pass Actor
Tok.

Time Cost
L1 L2 L3 L4 L5 L1 L2 L3 L4 L5

Gemini 3.6 Flash 21.00% 50.00% 27.50% 13.33% 9.17% 5.00% 389.18M 28.40h $198.62 23.50% 48.33% 31.67% 19.17% 10.83% 7.50% 602.72M 51.70h $328.79

Gemini 3.7 Flash 25.33% 55.00% 33.33% 19.17% 10.83% 8.33% 486.25M 46.10h $215.64 33.67% 62.50% 40.83% 30.00% 19.17% 15.83% 901.82M 102.20h $394.84

Gemini 3.8 Flash 21.17% 51.67% 28.33% 14.17% 8.33% 3.33% 795.78M 62.90h $269.20 30.67% 61.67% 39.17% 25.00% 15.83% 11.67% 1741.21M 142.50h $569.26

H. Capability Definitions and Assessment Principles

This appendix specifies evidence for assessing the capability tiers proposed in Section 2.2. Table 8 links
each tier’s external support and learning responsibilities to evidence of the additional capability it re-
quires.

Assessment should combine execution records with independent tests of learning gains, retention,
and reuse. Learning gains should be measured against a matched control initialised from the same agent
state, using comparable task inputs and resource budgets. Prior experience and external assistance should
be documented. Execution records should identify which learning decisions were prescribed and which
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the agent made during execution. Retention should be checked after intervening learning and should
concern knowledge that remains useful; obsolete knowledge may be revised or discarded. At T4 and
T5, the agent’s own validation must be complemented by independent checks of its findings and their
usefulness in subsequent investigations.

Table 8: Capability definitions and assessment principles for continual learning. Higher tiers require
evidence for all preceding capabilities.

Tier External provision Agent-managed learning Evidence for assessment

T1
Guided
Continual
Learning

Task objectives and
prescribed rules for
selecting experience,
updating, retention, and
reuse.

Acquire, retain, and reuse
knowledge according to the
prescribed rules.

Improved performance on later
tasks relative to a matched control
without the relevant learning
updates; retained benefits after
intervening learning.

T2
Autonomous
Continual
Learning

Task objectives within a
declared task family;
tools, information, and
feedback.

Decide during execution what,
when, and how to learn; check
and revise knowledge using
experience and feedback.

Execution records of agent-selected
experience, update timing and
methods, and knowledge checking
and reuse; retained gains under
changing conditions within the task
family.

T3
Cross-Domain
Continual
Learning

Task objectives in
unfamiliar domains; no
new human-designed
learning procedure.

Adapt experience acquisition,
updating, checking, and reuse
across domains; retain and
transfer useful knowledge.

Learning gains in domains held out
when designing and tuning the
learning procedure, without human
redesign for each domain; tests of
transfer and retention.

T4
Discovery-
Driven
Continual
Learning

A research problem; no
investigation or
validation plan.

Form subquestions for the
assigned problem; design and
conduct investigations; validate,
retain, and reuse findings.

Records showing agent-designed
investigations and validation
methods for an assigned problem;
independently verified findings
and evidence that reusing them
improves later investigations.

T5
Open-Ended
Continual
Learning

A broad objective, value
criteria, resources, and
constraints; no assigned
research problems.

Formulate, select, and prioritise
research problems; revise the
research agenda using verified
findings.

Records linking problem selection
and changes in research priorities to
earlier findings; independent
assessment of problem value
against declared objectives and
verified progress across successive
investigations.
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