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LLM agents are shifting from producing isolated answers to executing long-running, stateful tasks across software, web, computer, and
scientific environments. This transition makes long-horizon execution a central frontier because errors can change external state and
shape later decisions. Yet long horizon remains defined inconsistently through context length, elapsed time, action count, tool calls, or
benchmark difficulty. We define a long-horizon task by cross-step coupling. Earlier actions create information, state, constraints, or
consequences that later decisions must preserve and verify. We organize long-horizon execution metrics around six task-pressure axes:
human-effort time, interaction length, context and memory demand, environment grounding, planning dependency, and verification
observability. A protocol-conditioned outcome stack measures task success, consistency, safety, progress, cost, and uncertainty. This
separation reveals the central bottleneck: progress depends not only on peak capability, but on whether execution remains reliable as
task pressure increases.

Drawing on 201 cited research papers and technical sources, we synthesize the capabilities that determine this reliable horizon. The
survey is organized around a model–harness–environment–evaluation stack. Model design shapes reasoning, planning, tool use, and
trajectory learning. Harness design governs context, memory, feedback, verification, and oversight. Environments determine state
transitions, grounding demands, and observability, while evaluation protocols determine which reliability claims are justified. This
systems view explains how the four layers jointly enable or constrain reliable long-horizon execution. We identify open challenges in
comparable stress paths, replayable environments, delayed verification, model–harness attribution, contamination, cost, and safe
autonomy. The resulting framework provides a roadmap for extending agent horizons without sacrificing reliability, safety, or
reproducibility.
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Figure 1: Conceptual overview of the research landscape for reliable long-horizon agents, spanning five benchmark domains
(Section 3), model design (Section 4), harness design (Section 5), and open problems beyond the current reliable horizon
(Section 6). Logos indicate representative systems and are illustrative rather than exhaustive.
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Figure 2: Survey map linking each section to its long-horizon themes and representative evidence. Branches
organize the literature; years identify source records rather than comparable performance values.

Long-horizon tasks have become a defining frontier of agent development: leading model developers now
position Claude Fable 5, GPT-5.6, Kimi K3, and GLM-5.2 for extended coding, research, computer use,
and other sustained agentic work.1 This convergence marks a decisive shift in frontier-agent research
from producing isolated answers toward completing long-running, stateful tasks. Figure 1 previews the
benchmark and systems landscape considered in this survey. Rather than emitting a single response
to a static input, agents are increasingly expected to browse websites (Zhou et al., 2024b), edit code
repositories (Jimenez et al., 2024), operate graphical interfaces (Xie et al., 2024b), call APIs and query
databases (Trivedi et al., 2024a), and coordinate tool-agent-user workflows (Yao et al., 2024). In these
settings, the basic unit of behavior is an interactive trajectory in which actions alter external state and
condition subsequent observations, decisions, and success criteria. The four newly released systems are
therefore used here as evidence of the direction of industrial investment, not as commensurate proof that
one system has a longer reliable horizon: their public results use different harnesses, budgets, tasks, and
graders.

Despite rapid progress, the notion of long-horizon agency remains under-specified. Existing work
often associates horizon with long contexts, many interaction turns, prolonged wall-clock duration, large
numbers of tool calls, or difficult benchmark instances. These proxies are useful but insufficient: an

1Official product sources: Anthropic: Claude Fable 5, OpenAI: GPT-5.6, Moonshot AI: Kimi K3, and Z.ai: GLM-5.2.
Accessed 21 July 2026.
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agent may process a long document without performing long-horizon execution, while a comparatively
short interaction may become long-horizon when early actions create constraints that later actions must
respect (Sinha et al., 2025; Wang et al., 2026c). We therefore define horizon as the extent over which an
agent must preserve goal-relevant information, maintain a valid representation of the world state, select
dependent actions, and verify delayed consequences. This view separates horizon from surface length and
instead emphasizes dependency depth, mutable state, memory persistence, grounding, delayed verification,
and repeated-run reliability. METR-style long-task evaluation captures one dimension of horizon through
the human time required for tasks that systems can complete at a specified success rate (Kwa et al., 2026),
while τ -bench captures another by evaluating whether tool-using agents can succeed consistently across
repeated trials rather than only once (Yao et al., 2024).

In this survey, we argue that long-horizon LLM agents should be studied as coupled model–harness–
environment–evaluation systems. Figure 2 maps this scope to the paper’s sections and representative
evidence. Models determine local transition quality by decomposing goals and reasoning over intermediate
steps (Wei et al., 2022), grounding actions through tool-use learning (Schick et al., 2023), revising
after feedback (Shinn et al., 2023), and learning from delayed rewards in agentic settings (Li et al.,
2025a). However, model capability alone does not determine the effective horizon of an agent. The
surrounding harness—including memory management (Packer et al., 2023), programmatic prompt and
module composition (Khattab et al., 2024), software-agent execution environments (Wang et al., 2025d),
and mixed-initiative human oversight (Mozannar et al., 2025)—shapes whether local errors are prevented,
detected, isolated, or allowed to propagate. Evaluation protocols further determine whether observed
improvements reflect genuine reliable autonomy or artifacts of sampling budget, scaffolding, benchmark
contamination, or unstable environments (Guo et al., 2024; Kapoor et al., 2025).

Scope. We include interactive LLM agents whose success depends on coupled actions, changing state,
delayed effects, or trajectory-level checks. We exclude ordinary long-context processing, independent
dialogue turns, and one-call tool use unless they test horizon-dependent reliability.

Research questions and contributions

Research questions
Q1 What makes agent execution long-horizon? [§2]

Q2 How should its reliable horizon be measured? [§3]

Q3 How can model and harness design extend it? [§§4–6]
Contributions
C1 A unified definition and measurement framework for reliable horizon. [§2]

C2 An evidence-coded map of 64 long-horizon benchmarks. [§3]

C3 A model–harness taxonomy for extending reliable execution. [§§4–5]

C4 A proof checklist for credible reliable-horizon claims. [§§3, 6]

We organize existing work through the lens of the reliable execution horizon: the range over which
an agent can continue acting while remaining correct, grounded, recoverable, and cost-effective. This
construct explains why long-horizon settings are qualitatively different from single-step prediction: small
local weaknesses can compound when errors enter memory, corrupt external state, invalidate future
preconditions, or mislead subsequent verification (Ord, 2025; Khanal et al., 2026). Accordingly, the
main text follows six stages. We first define long-horizon execution and formulate reliable horizon
over a multidimensional task-pressure space. We then examine the benchmarks, metrics, and protocols
used to measure it. Next, we review model design and harness design as two complementary routes to
more reliable execution. We then analyze recurring failure modes and open problems before drawing
the system-level implications. Appendix A documents the search, screening, extraction, and source-
verification process. Across the survey, we use benchmarks such as AgentBench, LiveBench, WebArena,
OSWorld, SWE-bench, AppWorld, and τ -bench (Liu et al., 2024; White et al., 2024; Zhou et al., 2024b;

4



Xie et al., 2024b; Jimenez et al., 2024; Trivedi et al., 2024a; Yao et al., 2024), together with protocols for
reliability, attribution, cost, contamination, and reproducibility (Ma et al., 2024; Shavit et al., 2023). We
conclude that progress requires measuring and extending reliable execution horizon as a property of the
full model–harness–environment–evaluation stack.

2 Foundations: Defining and Measuring Reliable Horizon

Figure 3: Conceptual overview of the long-horizon definition and its six task-pressure axes. Cross-step coupling
distinguishes long-horizon execution from merely long inputs or independent steps: earlier actions create information,
state, constraints, or consequences that later decisions must preserve and verify. Human-effort time, interaction
length, context and memory demand, environment grounding, planning dependency, and verification observability
characterize how task pressure increases; reliability is the response of a fixed system under a fixed protocol.

This section separates three questions that are often conflated. First, what makes an execution genuinely
long-horizon? Second, how is it long-horizon? Third, how reliably does a fixed system perform as task
pressure increases? Section 2.1 defines long-horizon execution through cross-step coupling. Section 2.2
then refines this definition with six task-pressure axes and measures system reliability over them.

2.1 Defining Long-Horizon Agent Execution
Across recent agent benchmarks, the evaluation unit is no longer an isolated response but an execution
trajectory. Web and GUI tasks require actions to remain grounded as interfaces change (Zhou et al., 2024b;
Xie et al., 2024b). App, tool, and software tasks require state changes to satisfy executable checks (Trivedi
et al., 2024a; Jimenez et al., 2024). Repeated-trial protocols further ask whether success is reproducible
rather than accidental (Yao et al., 2024; Khanal et al., 2026). Across these settings, earlier actions change
the information, state, or constraints that later decisions must respect.

We therefore define long-horizon execution by cross-step coupling, not by raw length. An execution
is long-horizon when success depends on preserving goal-relevant information, tracking mutable state,
selecting dependent actions, incorporating feedback, and verifying delayed consequences. Prompt length,

5



wall-clock duration, turn count, and tool-call count may correlate with this structure, but none is sufficient
on its own.

Let an agent policy πθ interact with an environment E over horizon length h, producing a trajectory

τh = (x0, o0, a0, . . . , xh),

at ∼ πθ(· | ct),
xt+1 ∼ PE(· | xt, at), t = 0, . . . , h− 1.

Here xt is the environment state, ot is the observation, at is the action, and ct is the context or memory
used for action selection.

The defining boundary is a compression test. If a task can be reduced to independent one-step predictions
without changing its success condition, it is multi-step but not strongly long-horizon. The task enters
the long-horizon regime when that reduction removes information needed for later decisions or final
verification.

Formally, let Yh(τh) ∈ {0, 1} denote whether the full trajectory succeeds. A strongly long-horizon task
is one for which success is not reducible to independent local judgments:

Yh(τh) ̸≡ F
(
(yt(ot, at))

h−1
t=0

)
.

Here yt is a local observation–action judgment that omits cross-step dependencies. The expression is a
diagnostic rather than a claim that every long trajectory is difficult. It asks whether local judgments retain
enough information to determine full-trajectory success. MINT, AgentBoard, AppWorld, and τ -bench
operationalize this distinction through interaction, progress, state change, or repeated trials (Wang et al.,
2024d; Ma et al., 2024; Trivedi et al., 2024a; Yao et al., 2024).

This definition excludes common false positives. A long document is not sufficient if no action changes
external state. Many tool calls are not sufficient if they are independent. Conversely, a short trajectory can
be strongly long-horizon when an early action changes later feasible actions or delays the only useful
correctness signal. The definition supplies a structural criterion, not a universal scalar length.

The definition answers whether an execution is long-horizon, but not how it is long-horizon. Section 2.2
answers the latter question with six task-pressure axes. Reliability remains a system outcome, not a
seventh task axis.

2.2 Six Long-Horizon Axes vs. System Reliability
The cross-step coupling test in Section 2.1 determines whether an execution is long-horizon. It does not
explain how the task is long-horizon. We refine the definition with six task-pressure axes: human-effort
time, interaction length, context and memory demand, environment grounding, planning dependency, and
verification observability. Each axis identifies one way in which cross-step coupling becomes harder to
sustain. A task may be long along one axis or several axes at once. These axes describe the task, whereas
reliability measures a fixed system under a fixed protocol. Let

z = (ztime, zinteraction, zcontext,

zgrounding, zdependency, zobservability) ∈ Z

denote the task-pressure vector. Its coordinates are human-effort time, interaction length, context and
memory demand, environment grounding, planning dependency, and verification observability. For an
agent system S = (πθ,G, E), let G denote the harness. Let protocol Q fix budgets, retries, tools, graders,
and sampling conditions. We define

RS,Q(z) = Pr
τ∼(S,Q)|Z=z

[
YQ(τ) = 1

]
. (1)

Here YQ is trajectory-level success under the state, safety, and verification checks declared by Q. The
reliable region is

Hα(S,Q) =
{
z ∈ Z : RS,Q(z) ≥ α

}
, (2)
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and its boundary is the reliable-horizon surface. The formulation does not make the six coordinates
interchangeable.

A one-dimensional horizon is valid only after declaring how task pressure increases. For a non-
decreasing stress path g : h 7→ z, define

Hα(S,Q; g) = sup
{
h : RS,Q(g(h)) ≥ α

}
. (3)

When all other coordinates are fixed, the corresponding conditional horizon along axis d is

H(d)
α (z−d;S,Q) = sup

{
u :

RS,Q(z−d, zd = u) ≥ α
}
.

(4)

Equations 3 and 4 have a threshold-crossing interpretation only when reliability is non-increasing along
the chosen path. For a non-monotone path, we report the reliable set or use the robust prefix

Hprefix
α (S,Q; g) = sup

{
h :

inf
0≤u≤h

RS,Q(g(u)) ≥ α
}
,

(5)

which prevents an isolated easier instance at a larger nominal h from inflating the horizon.
Table 1 summarizes the operational meaning of the six axes and the corresponding reliability question.

The axes are inputs to the reliability surface in Equation (1). Task success, repeated-run consistency,
safety, progress, cost, and uncertainty form the outcome stack. This distinction prevents a task property
from being confused with evidence about the agent.

Table 1: Six long-horizon axes and their reliability interpretation. The first two columns define task pressure. The third states the
system response to estimate under fixed S and Q.

Long-horizon axis Task pressure Reliability question

Human-effort time Qualified-human completion time for the task Does reliability remain above α in longer
human-time bins?

Interaction length Dependent actions, tool calls, GUI operations, or
state transitions

How quickly do success and recovery decline as
dependency length increases?

Context and memory
demand

Goal-relevant state that must remain available,
current, and usable

Does reliability survive greater state volume,
update frequency, and stale-state exposure?

Environment
grounding

Sustained alignment among intent, observation,
and executable action

Does reliability persist as interfaces and
environment states change?

Planning dependency Global constraints, ordering, resource coupling,
and delayed consequences

Does reliability persist as constraint density and
dependency depth increase?

Verification
observability

Delay, sparsity, and localizability of correctness
signals

Can the system detect and recover as feedback
becomes delayed or sparse?

Human-Effort Time Axis. The human-effort time axis measures task extent by the time a qualified
human requires for completion. METR-style evaluations report the human completion time that an
AI system can match at a declared success threshold (Kwa et al., 2026). This coordinate provides an
interpretable unit for otherwise heterogeneous task suites.

This axis is useful for software engineering, AI R&D, and algorithm engineering. RE-Bench compares
agents with expert humans in multi-hour ML research environments (Wijk et al., 2024). ALE-Bench eval-
uates algorithm engineering through repeated submission, scoring, visualization, and refinement (Imajuku
et al., 2026). In both cases, human labor time provides the extent coordinate, while other axes explain
why the task is difficult.

Reliability analysis. Estimate RS,Q within human-time bins while holding the protocol fixed. A claimed
extension requires reliability to remain above α at longer durations. It should not result only from a higher
mean score on a different task mixture.
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Interaction-Length Axis. The interaction-length axis measures the number and dependency structure
of actions, tool calls, GUI operations, or environment transitions. MINT shows that multi-turn tool use
and language feedback create demands that single-turn evaluation does not expose (Wang et al., 2024d).
AgentBoard complements binary success with progress rate, revealing how much of a task was completed
before success or failure (Ma et al., 2024).

UltraHorizon extends this coordinate with partially observable exploration tasks that reach hundreds of
thousands of tokens and hundreds of tool calls (Luo et al., 2025). The resulting pressure comes from both
interaction count and interaction structure. Agents must maintain hypotheses, explore systematically, and
recover from early misleading patterns.

Reliability analysis. Condition reliability on dependent interaction count or dependency depth, not
raw action count alone. Report success, progress, and recovery curves as the interaction structure grows.
Independent repeated calls should not be treated as equivalent to cascaded decisions.

Context and Memory-Demand Axis. The context and memory-demand axis measures how much
goal-relevant state must remain available and correct. This state includes user constraints, artifacts, tool
outputs, file edits, database state, and prior observations. Unlike ordinary long-context inputs, these
representations arise from earlier actions and affect later state transitions.

AMA-Bench evaluates memory in agentic rather than dialogue-only settings (Zhao et al., 2026b).
AppWorld (Trivedi et al., 2024a), OdysseyBench (Wang et al., 2025c), and TheAgentCompany (Xu et al.,
2026a) also require persistent cross-application state. Agents must retain actionable information, replace
stale state, and reconstruct the current task state.

Reliability analysis. Stratify reliability by state volume, update frequency, and stale-state exposure.
Oracle memory ablations help separate memory failures from task difficulty.

Environment-Grounding Axis. The environment-grounding axis measures the pressure created by
maintaining perception–action alignment in a changing environment. WebArena uses realistic self-hosted
websites and evaluates functional correctness rather than surface-form action matching (Zhou et al., 2024b).
OSWorld extends this setting across GUIs, CLIs, file systems, and multi-application workflows (Xie et al.,
2024b).

Every action can change the future observation stream. A wrong click, incorrect file edit, or unintended
window switch may corrupt state and mislead subsequent decisions. Grounding pressure therefore
concerns sustained alignment among intent, observed state, and executable actions, not single-step
perception accuracy.

Reliability analysis. Measure final-state success together with invalid-action rate and recovery after
grounding errors. Comparisons should vary interface or state volatility under the same protocol. Terminal
success alone can hide transient errors and costly recovery.

Planning-Dependency Axis. The planning-dependency axis measures the depth of global constraints,
temporal dependencies, resource limits, and delayed consequences. TravelPlanner requires agents to
synthesize database evidence into plans that satisfy budget, route, lodging, cuisine, and commonsense
constraints (Xie et al., 2024a). Difficulty persists even when relevant information is supplied, which
isolates global dependency management from tool use.

Local progress does not guarantee global coherence along this axis. An agent may complete plausible
subtasks while violating budgets, temporal consistency, route feasibility, tests, or software specifications.
Robotouille (Gonzalez-Pumariega et al., 2025) and SWE-bench (Jimenez et al., 2024) expose this pressure
because early decisions restrict later solutions and local fixes can introduce global failures.

Reliability analysis. Stratify results by dependency depth and constraint density. Report final success,
constraint violations, and recovery from invalid partial plans. Longer plan text is not evidence of reliability.
Solver or oracle-plan ablations can isolate global coordination failures.

Verification-Observability Axis. The verification-observability axis measures how late, sparse, and
localizable correctness signals are. At one extreme, every action produces an immediate executable check.
At the other, correctness appears only through a final state, delayed user feedback, or a partly subjective
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judgment. Delayed or weak signals allow more downstream actions to depend on undetected faults and
make rollback or attribution harder.

SWE-bench exposes delayed but executable evidence through issue-specific and regression
tests (Jimenez et al., 2024). AppWorld and OSWorld judge state changes with unit tests or execution-based
checks (Trivedi et al., 2024a; Xie et al., 2024b). τ2-Bench adds user-side actions whose correctness may
not be controlled directly by the agent (Barres et al., 2025). These benchmarks differ in when and how
errors become observable. Observability is the task pressure; reliability is the measured outcome.

Reliability analysis. Vary feedback delay and sparsity while preserving the underlying task logic. Report
detection latency, rollback success, escaped-error rate, and final success. This analysis tests whether the
system remains dependable when verification arrives late.

Realistic tasks often apply pressure along several axes. OSWorld combines interaction length, environ-
ment grounding, context persistence, and delayed execution-based verification. TravelPlanner emphasizes
planning dependency but also requires tool interaction and final constraint checks. Long software tasks
use human-effort time as an interpretable coordinate, while failures may arise from memory, testing
feedback, tool use, cross-file dependencies, or delayed regressions.

The six-axis taxonomy is therefore a coordinate system, not a partition of benchmarks. A benchmark
may stress several axes, and a system may fail only under particular combinations. Evaluation estimates
the outcome stack: task success, repeated-run consistency, process validity, safety, efficiency, and
uncertainty (Rabanser et al., 2026; Yao et al., 2024). Cross-step coupling determines whether execution
is long-horizon. The six axes specify how it is long-horizon, and the reliability surface measures how
well a fixed system tolerates that pressure. This input–response separation organizes the rest of the survey.
Benchmarks specify where pressure is applied, model and harness methods intervene on the system, and
evaluation tests whether the reliable-horizon surface moves outward.

3 Evaluation: Benchmarks, Metrics, and Protocols
This section maps long-horizon agent benchmarks to the real-world settings in which reliable execution is
required. Rather than treating benchmarks as a flat list, we organize them by the dominant environment and
failure mode they expose: web navigation and browsing, computer and mobile use, software engineering
and terminal work, tool/API/app workflows, and constraint-heavy planning or scientific work. Across
these domains, the central evaluation target is not only final task success, but whether an agent can
preserve state, coordinate dependent actions, ground decisions in changing environments, and remain
reliable across repeated executions. Table 2 compares representative anchor benchmarks using a typed,
within-modality extent level, the official per-task evidence behind that level, and the concrete mechanisms
through which actions remain coupled, state persists, and correctness becomes observable. The complete
64-entry inventory appears in Appendix B.

A scalar horizon is meaningful within a benchmark family only when instances form a declared,
approximately nested stress path and the system and protocol are held fixed. In WebArena, such a path
might increase interaction depth or cross-site grounding while preserving the task family; in SWE-bench,
it might increase qualified-human time or cross-file dependency under the same test protocol; and in
AppWorld, it might increase dependent API calls, persistent-state breadth, or verification delay. These are
different paths through the six-dimensional space, so their numerical horizons are not directly comparable
and should not be pooled under an unqualified maxh. When success is non-monotone along a proposed
path, evaluations should report the reliable set or the robust-prefix horizon in Equation (5), not select the
largest isolated successful instance.

3.1 Reliability Metrics and Experimental Protocols
Language-agent evaluation should be organized as a metric stack rather than a single success score.
Unlike static language-model benchmarks, agent benchmarks involve stochastic rollouts, tool calls, state
transitions, intermediate actions, environment feedback, and resource constraints. Recent surveys therefore
frame agent evaluation as a multi-dimensional problem covering capabilities, behavior, reliability, safety,
interaction modes, metric computation, and evaluation infrastructure (Yehudai et al., 2026; Mohammadi
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Table 2: Representative long-horizon agent benchmarks, typed within-modality extent, and concrete horizon evidence. Bench-
mark names link to their source references.

Benchmark Domain Scale Type Per-task extent Coupling Persistent state Correctness signal

WebShop Web
Shopping

12,087 in-
structions

S2 11.3 states (mean;
human expert);
max 114

Product constraints
couple search,
comparison, option
selection, and purchase

Visited products,
selected options, cart,
and session state

Task reward; exact
success when reward
equals 1

WebArena Web
Navigation

812 tasks T1 35.38 s (median;
external 100-task
sample)

Cross-page and
cross-site subgoals

Website, account, and
database state

Task-specific functional
checks over final state or
answer

OSWorld Desktop
Computer
Use

369 tasks T2 111.94 s (median;
n = 369)

UI and file operations
create later
preconditions

Files, applications,
documents, settings, and
OS state

Execution-based final
application, file, and OS
checks

OSWorld 2.0 Professional
Computer
Workflows

108 tasks T4 About 1.6 h
(median; annotat-
ed/estimated);
69.6% > 1 h

Interdependent
cross-application
workflows with dynamic
updates

Workspace files,
application/service
records, user-profile
data, messages, and
injected updates

Fine-grained final-state
checkpoints; functional
checks with limited
model-based judging

ALFRED Embodied
Household
Tasks

8,055
demon-
strations

S3 50 action steps
(mean); 7.5
subgoals (mean)

PDDL-derived
navigation and
manipulation chains

Agent pose, object
locations, receptacles,
and object states

Task success and
goal-condition success

AppWorld App/API
Workflows

750 tasks S3 42.5 calls (mean;
Test-N) / 46.8
(mean; Test-C)

Dependent API calls
across multiple apps

Application databases,
stateful execution-shell
variables/results, and
simulated date/time

State-based unit tests,
including
collateral-damage
checks

SWE-Bench
Pro

Professional
Software
Engineering

1,865
tasks

T2/S3 502 s estimated
latency; 98.8 tool
calls (GPT-5.4,
high reasoning)

Professional
requirements couple
cross-file
implementation choices

Large repository,
dependencies, build
artifacts, and tests

Repository-level
acceptance and
regression tests

Terminal-
Bench 2.0

Terminal /
Systems

89 tasks T4–5 Expert median
bucket 1 h–1 day
(74 timed tasks)

Commands, debugging,
builds, and artifacts
depend on prior state

Filesystem, packages,
processes, artifacts, and
logs

Task-specific executable
tests in isolated
containers

SWE-
Marathon

Project-
scale
Software
Engineering

20 tasks T5 Expert-human
estimate 40–400 h

Repeated project-scale
implementation, build,
and test loops

Task workspace,
source/output artifacts,
build/runtime state, and
measured results

Tests, behavioral checks,
judges, and performance
gates

ALE-Bench Algorithm
Engineering

40 full /
10 lite

B4 Contest-window
median 4 h; agent
cap 4 h/problem

Propose → implement
→ run → score/error
feedback → refine

Current/best code,
scores, feedback, and
execution logs

Continuous problem
score and normalized
performance

Frontier
SWE

Frontier
Technical
Work

17 tasks B5 20 h/task
(protocol budget)

Open-ended technical
requirements couple
implementation with
task-specific functional,
research, or
performance objectives

Task workspace,
source/checkpoints,
experimental variants,
and build/benchmark
results

Task-specific functional
and performance checks;
correctness and
anti-cheat gates

PostTrain
Bench

AI R&D /
Post-
training

28 task
configura-
tions

B5 10 h on one H100/
configuration
(protocol budget)

Data preparation,
training, evaluation, and
tuning loops

Training data,
scripts/configs,
checkpoints, logs, and
evaluation results

Held-out
target-benchmark
evaluation; LLM judge
for contamination and
model substitution

Typed extent levels. Prefix T denotes time-derived extent, S denotes native steps, states, turns, actions, or calls, and B denotes a protocol budget
or execution window. Numeric levels remain ordinal only within the same prefix and compatible measurement provenance: time bins are below
1 min, 1–10 min, 10–60 min, 1–4 h, and above 4 h; native-count bins are < 10, 10–< 30, 30–< 100, 100–< 300, and ≥ 300. Budget codes
use the bin associated with the reported budget’s native unit, require that unit for interpretation, and are not task-length measurements. Thus
T3, S3, and B3 are not directly comparable; a slash records two modalities for the same rollout. Each extent value retains its reported mean,
median, range, bucket, estimate, or budget status. The WebArena duration is an external primary remeasurement. The SWE-Bench Pro value is
OpenAI’s model- and reasoning-specific rollout estimate rather than a benchmark-intrinsic task-length statistic; all other values use official
direct or derived evidence.

et al., 2025). The goal is not merely to ask whether an agent solves a task, but to characterize how
consistently it solves it, how much progress it makes before failure, whether its trajectory is valid, what
state changes it induces, and at what computational or monetary cost.

This distinction is especially important for repeated evaluation. Let sij ∈ {0, 1} denote whether rollout
j succeeds on task i. When exactly k independent rollouts are executed per task, two useful empirical
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quantities are:

p̂ass@k =
1

n

n∑
i=1

I
[
max
1≤j≤k

sij = 1

]
, (6)

p̂assk =
1

n

n∑
i=1

k∏
j=1

sij . (7)

Here, pass@k measures whether at least one attempt succeeds, whereas passk measures whether all k
repeated attempts succeed. τ -bench makes this distinction explicit in tool-agent-user interaction, showing
that one-shot success can substantially overstate behavioral consistency across trials (Yao et al., 2024).
Beyond pass@1 further argues that reliability should be modeled as a function of task horizon, since
longer tasks expose decay, variance amplification, graceful degradation, and meltdown behavior that are
invisible to aggregate pass@1 (Khanal et al., 2026).

Outcome metrics should be grounded in externally checkable task states whenever possible. Benchmarks
such as AgentBench (Liu et al., 2024), WebArena (Zhou et al., 2024b), OSWorld (Xie et al., 2024b),
and SWE-bench (Jimenez et al., 2024) move evaluation beyond surface-form answers by tying success
to interactive environments, final goal states, operating-system actions, or executable tests. This shift
is essential for agents because a fluent final response may hide invalid tool calls, skipped constraints,
irreversible side effects, or accidental success. Final correctness should therefore be paired with progress
metrics, trajectory metrics, execution-safety metrics, latency, and cost.

The experimental unit should be an episode. Each episode should record the task instance, initial
environment state, model version, scaffold configuration, tool schema, decoding parameters, random
seed, full action–observation trajectory, final state, grader output, and resource vector. For each agent–
benchmark pair, evaluations should include multiple rollouts per task, stratification by domain and horizon
length, confidence intervals over tasks and seeds, and paired comparisons when systems are evaluated
on the same task set. This protocol prevents common confounds: a higher score may reflect a stronger
model, but it may also reflect more search, longer contexts, extra retries, additional verifier calls, or a
more favorable harness.

Process-level evaluation is also necessary because final outcomes often underdetermine the underlying
failure mode. Agent-as-a-Judge illustrates one direction: agentic evaluators can inspect intermediate
trajectories and provide feedback over the task-solving process rather than judging only the final output
(Zhuge et al., 2025). Such process evaluation is useful for diagnosing tool misuse, looping behavior,
invalid intermediate assumptions, and partial progress. However, judge-based process scores should
complement rather than replace executable validation when deterministic graders are available.

Finally, evaluation infrastructure should make resource and implementation effects explicit. Holistic
leaderboards such as HAL emphasize standardized harnesses, shared logs, large-scale rollouts, and cost-
aware comparison (Kapoor et al., 2025). This direction is critical for agent research: without trajectory
logs, budget reporting, and harness disclosure, it is difficult to determine whether progress comes from
stronger models, better scaffolds, more computation, or evaluation artifacts. A mature metric stack should
therefore make agent performance attributable, reproducible, and deployment-relevant.

3.2 Web Navigation
Web navigation and browsing require agents to work in open and changing web environments. Agents
must not only click, type, and search, but also track page states, check evidence, and avoid unsafe actions
across long trajectories.

Interface Execution. Interface execution focuses on whether agents can turn user instructions into
correct webpage operations. The main failure mode is action grounding: the agent may understand the
goal but click the wrong element, fill the wrong field, or choose an invalid action. Some benchmarks use
controlled or simulated websites to test step-by-step UI operation (Shi et al., 2017; Yao et al., 2022). Others
extend this setting to real websites, multi-domain tasks, dialogue-based instructions, and desktop–web
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Table 3: Metric stack for reliable long-horizon agent evaluation. Outcome and progress describe what happened; repeated-run,
uncertainty, and boundary metrics quantify reliability; trajectory, verification, recovery, safety, and cost metrics diagnose whether
the claim is valid and deployment-relevant.

Metric layer Typical metrics Core question Reporting principle

Outcome Success rate; exact
match; goal-state match;
pass@1

Did the agent complete the task? Report task-level success with clear
grading rules, preferably based on
executable tests or final environment
states.

Repeated attempts pass@k; best-of-k
success

Can the agent succeed if given
multiple tries?

Report k, sampling settings, and the
selection rule; distinguish best-of-k
capability from single-run
deployment performance.

Reliability passk; trial consistency;
success variance

Does the agent succeed consistently
across repeated runs?

Use multiple rollouts per task and
report variance or confidence
intervals, since one-shot success can
hide instability (Yao et al., 2024;
Khanal et al., 2026).

Uncertainty Binomial interval; task
bootstrap; paired
interval

How precisely is the reported
reliability known?

State the resampling unit, number of
tasks and rollouts, and a 95%
interval; do not treat rollout-level
samples from the same task as
independent tasks.

Reliable boundary RS,Q(z); Hα; Hα(g);
robust prefix

Under which declared task pressures
does reliability remain above α?

Hold the system and protocol fixed,
report the stress path or conditional
slice, and use the reliable set or
robust prefix when difficulty is
non-monotone.

Progress Subgoal completion;
milestone accuracy;
partial credit

How far does the agent get before
failure?

Measure intermediate progress when
final success is sparse, and
distinguish early collapse from
near-complete execution.

Trajectory Action validity; tool-use
correctness; loop rate;
process score

Was the reasoning–action path valid
and efficient?

Log full trajectories and evaluate
process quality in addition to final
outcomes (Zhuge et al., 2025).

Verification quality Check coverage; false
accept/reject;
verification delay

Can the protocol observe success and
failure correctly and promptly?

Prefer executable or state-based
checks; disclose judge prompts and
calibration when model-based
grading is unavoidable.

Recovery Recovery rate; rollback
success; actions or time
to recovery

Can the system return to a valid state
after an error?

Inject or label failures, distinguish
detection from successful recovery,
and report collateral state changes.

Execution safety State-diff correctness;
unintended actions;
rollback success

Did the agent modify the external
environment correctly?

Record initial and final states, specify
allowed changes, and separately
evaluate irreversible or harmful side
effects.

Efficiency and cost Tokens; tool calls;
latency; verifier calls;
monetary cost

How much resource was consumed? Compare agents under matched
budgets and report cost-normalized
success or accuracy–cost trade-offs
(Kapoor et al., 2025).

interfaces, where page layouts and user goals are more diverse (Deng et al., 2023; Lù et al., 2024; Xu
et al., 2024b; Wang et al., 2024b; Kapoor et al., 2024).

Trajectory Robustness. Trajectory robustness focuses on whether agents can maintain a correct path
over many web interactions. Here, the key problem is not a single action, but state drift: an early mistake
may move the agent to the wrong page state, and later actions may look reasonable while the whole
trajectory has already gone off track. Some benchmarks build functional websites or online environments
to test agents under changing states (Zhou et al., 2024b; Pan et al., 2024; Xue et al., 2025; Sun and Chen,
2025). Another line adds visual grounding, where screenshots, icons, layouts, and visual cues are needed
to decide the next action (Koh et al., 2024; He et al., 2024; Zheng et al., 2024a; Thomas et al., 2025).
These benchmarks show why long-horizon web tasks cannot be judged only by isolated action accuracy.

Trustworthy Browsing. Trustworthy browsing focuses on whether agents can produce reliable and
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safe outcomes in open web environments. The main failure mode shifts from wrong actions to wrong
evidence, unsafe behavior, or misleading success. Some benchmarks require agents to search across
webpages, compare sources, check claims, and generate citation-supported answers or reports (Nakano
et al., 2022; Yoran et al., 2024; Wei et al., 2025; Zhou et al., 2025a; Gou et al., 2025; Du et al., 2025).
Others add safety, privacy, and security requirements, where agents must avoid adversarial webpages,
privacy leakage, unsafe operations, fabricated evidence, and shortcut behavior (Anupam et al., 2025; Levy
et al., 2024; Tur et al., 2025; Ying et al., 2026; Ramesh et al., 2026; Li et al., 2026b).

Overall, web navigation benchmarks shift the focus from task completion to trajectory reliability. The
central challenge is whether agents can maintain coherent, verifiable, and safe behavior across long
interactions in open web environments.

3.3 Computer, Mobile, and Embodied Interaction
Computer-use, mobile, and embodied benchmarks become long-horizon when agents must keep what
they see, what they do, and what the environment has become aligned across many dependent actions.
The key failure mode is not only a wrong final answer, but gradual observation–action–state drift: a
stale screen interpretation, missed object state, wrong tap, or failed manipulation can redirect the future
trajectory. This distinguishes the setting from browser-only navigation, software-repository repair, and
API/workplace workflows (Xie et al., 2024b; Rawles et al., 2025; Shridhar et al., 2020).

Desktop computer use. Desktop benchmarks shift evaluation from page-level navigation to full
operating-system state. OSWorld serves as the anchor benchmark, with agents operating in real computer
environments and interpreting screenshots, applications, windows, files, settings, and cross-application
effects (Xie et al., 2024b). Windows Agent Arena adds Windows-specific realism and scalable multimodal
evaluation, while OmniACT broadens visual-action grounding across heterogeneous desktop and web
interfaces (Bonatti et al., 2025; Kapoor et al., 2024). Their common challenge is tracking visual feedback,
file state, and application state as they evolve within a single desktop trajectory.

Mobile interaction. Mobile benchmarks add compact screens, app-specific navigation, dynamic task
parameters, and device variation. AndroidWorld evaluates agents in a dynamic Android environment,
where success requires maintaining app state and acting through real mobile interfaces rather than
predicting a static answer (Rawles et al., 2025). B-MoCA adds the robustness angle by testing mobile
device-control agents across diverse configurations, making layout, language, and settings variation part
of the challenge (Lee et al., 2024). Longer trajectories require repeated UI interpretation under shifting
device state, because each tap may expose a new page or alter task-relevant settings.

Embodied worlds. Embodied benchmarks make state change physical or simulated, so moving the
wrong object, missing a precondition, or failing to recover can alter the future environment. ALFRED
pairs household instructions with egocentric visual observations and low-level actions, requiring agents to
connect language, perception, and action across everyday tasks (Shridhar et al., 2020). BEHAVIOR-1K
expands scale and realism through 1,000 simulated everyday activities, while RoboCerebra moves toward
long-horizon robotic manipulation with multi-step reasoning, subtask execution, and dynamic scenes (Li
et al., 2023; Han et al., 2026). Planning depth matters, but long-horizon grounding also requires sustained
control over a changing world, because early mistakes may remove preconditions for later actions.

Hybrid interfaces and boundaries. Hybrid benchmarks show that computer-use trajectories increas-
ingly cross interface boundaries. WeaveBench combines GUI, CLI, code, and file-system operations, so
evaluation must judge evidence across screenshots, commands, files, and intermediate artifacts rather than
endpoint state alone (Li et al., 2026b). Its mixed interface places it near software and terminal evaluation,
but the central difficulty remains cross-interface grounding rather than executable software-engineering
correctness. HeroBench illustrates the boundary from the planning side. Virtual worlds may contain long
action sequences and structured reasoning, but when resource dependencies, numerical feasibility, and
strategic planning dominate, they fit better with constraint-heavy planning than computer-use grounding
(Anokhin et al., 2025). These tasks therefore test whether agents can track visual evidence, executed
actions, and environment state as interfaces change over time.
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3.4 Software Engineering and Terminal Tasks
Software-engineering and terminal benchmarks become long-horizon when coding or command-line work
is no longer a one-shot generation problem but a stateful process in an executable environment. Agents
must maintain a model of workspace state, coordinate edits across files, use terminal, build, test, and
CI feedback, and avoid regressions. Executable work environments expose these demands directly, as
repository-level issue repair and terminal-based task environments make state tracking, feedback use, and
validation part of the benchmarked trajectory (Jimenez et al., 2024; Merrill et al., 2026).

Scaling repository repair. SWE-bench established repository-level issue repair as the canonical
protocol, and its Verified subset further tightened task quality and evaluation reliability (Jimenez et al.,
2024; OpenAI, 2024). Subsequent variants show that this protocol is still evolving. SWE-Cycle makes
the hidden lifecycle explicit, including environment reconstruction and verification-test generation (Guan
et al., 2026). SWE-bench-Live, SWE-MERA, and SWE-rebench V2 address staleness, contamination,
language coverage, and data-scale pressures (Zhang et al., 2026a; Pavel et al., 2025; Badertdinov et al.,
2026). The same line then escalates through SWE-Bench Pro’s harder professional tasks, DeepSWE’s
original long-horizon tasks with program-based verifiers, and SWE-Marathon’s ultra-long executable
environments with multi-layer verification (Deng et al., 2025; Huang et al., 2026; Desai et al., 2026).

Beyond issue repair, evaluation includes tasks that require agents to understand, extend, and construct
software systems. FeatureBench targets complex feature implementation, while SWE-Explore and
ReCUBE isolate two pre-editing bottlenecks: localizing the relevant code and using repository context
correctly (Zhou et al., 2026b; Zhang et al., 2026c; Hong et al., 2026). SWE Atlas adds codebase question
answering, test writing, and refactoring. ProgramBench, NL2Repo-Bench, and RepoGenesis evaluate
whole-program or whole-repository construction (Raghavendra et al., 2026; Yang et al., 2026b; Ding
et al., 2026; Peng et al., 2026).

Maintained correctness over time. Long-horizon software work also tests whether changes remain
correct as repositories evolve. A patch can pass immediate tests yet fail under future requirements, version
transitions, CI changes, or test-suite evolution. SWE-EVO therefore evaluates software evolution from
release notes and mature project histories, requiring coordinated multi-file modifications while preserving
existing behavior (Le et al., 2026). SWE-CI shifts the emphasis to maintainability under CI-style repository
evolution, while SWE-Milestone evaluates dependency-constrained milestone streams in a persistent
codebase, making cross-task error propagation and regression accumulation directly measurable (Chen
et al., 2026; Deng et al., 2026). RoadmapBench and SWE-Chain formulate long-horizon upgrades as
version or release chains in which earlier changes become the starting state for later ones (Xu et al., 2026e;
Lam et al., 2026). ChainSWE extends this setting to sequential, dependent bug fixes in a shared repository,
so later tasks inherit the agent’s earlier changes (Jin et al., 2026a). TEBench complements this line by
treating the maintained artifact as not only production code, but also the tests that specify and protect
behavior (Shang et al., 2026).

Terminal and CI as validation. Repository success depends on the machinery that proves code
works. Terminal-Bench evaluates agents in real command-line environments, and LongCLI-Bench
narrows this setting to programming tasks performed through the CLI (Merrill et al., 2026; Feng et al.,
2026b). BuildBench, DI-BENCH, and CI-Repair-Bench show that executable validation often begins with
environment management rather than code generation, requiring agents to infer dependencies, diagnose
build logs, repair configuration or workflow failures, and rerun the system under build, dependency, and
CI constraints (Zhang et al., 2025b,a; Muna et al., 2026). CLI-Tool-Bench and SWE-InfraBench extend
CLI-based evaluation to command-line tool generation and infrastructure-as-code edits (Hu et al., 2026;
Tarasova et al., 2026). These tasks connect code changes to executable evidence, making setup, failure
diagnosis, and validation part of the evaluated trajectory.

Frontier engineering and AI-R&D automation. Recent repository and terminal benchmarks extend
the evaluation target from issue repair and code maintenance to longer engineering tasks. FrontierSWE
emphasizes multi-hour tasks in performance engineering, computational science, and machine-learning
systems (Chu et al., 2026). PostTrainBench evaluates agents that combine code, search, data curation,
training, and evaluation loops to improve a base model under a fixed compute budget (Rank et al., 2026).
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These settings still rely on executable artifacts, command-line feedback, and verification, but the evaluated
outcomes are open-ended engineering results and AI-R&D pipelines rather than ordinary patch production.

The resulting benchmark family treats long-horizon SWE evaluation as a problem of sustained control
over changing repositories, executable environments, and imperfect verification processes, not merely as
harder coding.

3.5 Tool, API, and Workplace Automation
Tool- and application-use benchmarks test whether agents can remain reliable across many dependent
actions. The core difficulty is not merely selecting the right tool, but preserving state, carrying information
across steps, and avoiding unintended changes as the workflow unfolds.

From function calls to stateful interaction. Early benchmarks focused on tool selection and argument
generation. ToolBench, introduced with ToolLLM, scales evaluation to 16,464 RapidAPI endpoints, while
BFCL measures function-call correctness through structured matching and execution-based checks (Qin
et al., 2024; Patil et al., 2025). These benchmarks establish basic tool-use competence, but short-horizon
call accuracy does not directly predict performance on longer workflows, where early mistakes propagate
to later steps.

AppWorld shifts the evaluation target from individual calls to persistent application state. Agents
interact with 457 APIs across nine applications, and state-based unit tests verify both task completion
and collateral damage to unrelated data (Trivedi et al., 2024b). This captures a central requirement of
long-horizon tool use: reaching the intended state without corrupting the surrounding environment.

From single applications to extended workflows. WorkArena evaluates enterprise tasks on the
ServiceNow platform, introducing realistic interfaces and structured business processes (Drouin et al.,
2024). OfficeBench broadens the action space to workflows spanning Word, Excel, PDF, email, calendar,
and shell tools (Wang et al., 2024e). Such tasks require agents to transfer information across applications
and maintain consistency over multiple state transitions.

OdysseyBench adds long-range conversational dependencies: agents must recover relevant information
from extended interaction histories and use it to complete multi-application tasks (Wang et al., 2025c). Its
mixture of 300 transformed workflows and 302 automatically generated tasks also illustrates a recurring
realism–scale trade-off: synthetic construction increases coverage, but requires careful validation of task
quality and representativeness.

Toward integrated workplaces. TheAgentCompany combines browsing, coding, enterprise services,
and communication with simulated coworkers in a single organizational environment (Xu et al., 2026b).
Its checkpoint-based evaluation distinguishes partial progress from full completion; even the strongest
reported agents complete only about 30% of tasks end to end. This gap suggests that current systems can
often solve isolated subtasks but struggle to maintain coherence across an entire workflow.

Overall, these benchmarks expose three related dimensions of difficulty: compositional depth, persistent
state, and environmental breadth. Evaluation has accordingly moved from call-level matching toward
executable checks, state assertions, and checkpointed progress. However, current metrics remain weak at
identifying process-level failures, such as stale-state reasoning, failed recovery, unnecessary side effects,
and procedural violations. Developing evaluators that localize these failures without penalizing valid
alternative trajectories remains an important open challenge.

3.6 Planning and Scientific Work
Where the web, computer-use, and software settings mostly stress getting each interface action right,
the benchmarks in this group stress keeping a plan globally consistent as constraints, dependencies, and
intermediate results accumulate. A step that looks locally reasonable can still leave the final plan infeasible.
Many of these benchmarks also involve heavy tool use and database queries, but we group them by their
dominant source of difficulty, global constraint satisfaction.

Real-world and natural-language planning. TravelPlanner (Xie et al., 2024a) asks an agent to
assemble a multi-day itinerary from a database of roughly four million records, satisfying explicit budget
and preference constraints together with implicit commonsense ones; across 1,225 queries even GPT-4
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returns a fully valid plan in just 0.6% of cases, and ReAct- or Reflexion-style strategies break down
once several constraints interact. NATURAL PLAN (Zheng et al., 2024b) asks whether the bottleneck
is tool use or planning itself: it feeds tool outputs such as Google Flights, Maps, and Calendar directly
into the context, removing the tool-use step, yet accuracy still collapses with scale, falling below 5%
once ten cities are involved, and self-correction does not help. DeepPlanning (Zhang et al., 2026d)
keeps a similar scenario but tightens the evaluation, grading minute-level travel and shopping plans with
rule-based checkers in offline sandboxes and separating proactive information gathering from local and
global constraint reasoning. Its error analysis is especially detailed, showing that frontier agents skip
required tool calls on long horizons and rarely check global consistency or backtrack.

Difficulty built into a simulated world. Because the difficulty of the real-world suites is inherited
from the domain, no single source of hardness can be isolated or varied on its own: TravelPlanner can
only separate planning from tool use by adding a second, sole-planning mode, and NATURAL PLAN has
to remove tools from the task altogether. The benchmarks in this group instead construct the difficulty
themselves, introducing a chosen kind of structure that can be controlled directly. MinePlanner (Hill
et al., 2023) formalizes 45 Minecraft building and navigation tasks in PDDL, the standard language for
classical planning, where the hardest instances contain thousands of objects, most of them irrelevant to the
goal. Its difficulty is not specific to LLMs: even dedicated classical planners run out of memory or hit the
time limit on these instances before returning a plan. Robotouille (Gonzalez-Pumariega et al., 2025) adds
timing constraints. Its cooking tasks run with real delays and interruptions, so an agent must interleave
subtasks instead of running them in sequence, and the cost of failing to do so is steep, with ReAct on
GPT-4o falling from 47% on synchronous tasks to 11% on asynchronous ones.

From feasibility to solution quality. In every benchmark so far, the verdict is binary: a plan is
feasible or it is not. This group turns to algorithmic engineering, where the question is how good a
solution is. ALE-Bench (Imajuku et al., 2026) grades each attempt with a score the agent improves
over a long session, drawing its problems from AtCoder Heuristic Contests. Frontier models can match
strong human contestants on a single problem, but they fall behind on the two things the format rewards
most: consistency across problems and steady improvement over time. Across these benchmarks, a
single success rate reveals little about why agents fail. The same failure modes appear across domains:
each constraint is satisfied on its own but the plan violates them together, intermediate results get lost, a
plan that looks plausible fails the checker, and an early mistake spreads until it can no longer be fixed.
The benchmarks that catch these failures most reliably are the ones with automatic verifiers, such as
TravelPlanner’s constraint checks, DeepPlanning’s sandboxes, and ALE-Bench’s scorer. The model-level
methods and harness-level mechanisms we review next can be judged against the same kind of automatic
check.

4 Model Design: Reducing Local Decision Error

Long-horizon failure is often a compounding rather than a single catastrophic process. Under the
deliberately simplified assumption of independent and identically distributed step outcomes, a 95%
per-step success rate over 100 actions gives 0.95100 < 1% end-to-end success. This calculation is
illustrative, not a trajectory model: real agent errors are state-dependent, temporally correlated, non-
stationary, and may either cascade or be contained by feedback and recovery. Section 5 examines how
external execution infrastructure can compensate for model errors; this section asks what capabilities,
internalized through inference-time computation or parameter updates, reduce local transition error in the
first place. We organize these model-level determinants along three axes: deliberate reasoning and search
at inference time (§4.1), supervised internalization of tool use (§4.2), and reinforcement learning over
full interaction trajectories (§4.3). Figure 4 maps these axes and their representative mechanisms, while
Table 4 summarizes their long-horizon roles and limitations.
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Figure 4: Model-design mechanisms for reducing local decision error in long-horizon agents. Reasoning and
planning interventions progress from inference-time reasoning and search to grounded planning supervision; tool-use
learning covers invocation timing, API grounding, and adaptation to changing tools; trajectory-level reinforcement
learning addresses policy optimization, credit assignment, stability, and horizon scaling. The diagram is a conceptual
taxonomy rather than a quantitative comparison.

4.1 Reasoning and Planning Supervision
The earliest model-level interventions for reducing planning errors operate at inference time, requiring no
parameter changes. Chain-of-Thought (CoT) prompting (Wei et al., 2022) elicits explicit intermediate
reasoning steps before an agent commits to an action, reducing the frequency of locally incoherent
decisions on arithmetic, commonsense, and symbolic tasks. While CoT externalizes single-path reasoning,
it does not recover from dead ends. Tree of Thoughts (ToT) (Yao et al., 2023a) organizes intermediate
states into a search tree, enabling backtracking and deliberate evaluation of alternative reasoning branches
via breadth-first or depth-first search. ToT demonstrates that allocating more inference-time compute to
structured search can substitute for weaker per-step reasoning.

Both CoT and ToT operate over reasoning traces disconnected from external environments. Language
Agent Tree Search (LATS) (Zhou et al., 2023) bridges this gap by integrating Monte Carlo Tree Search
(MCTS) with the ReAct (Yao et al., 2023c) loop, interleaving reasoning, grounded action execution, and
language-based reflection within a unified tree search framework. LATS introduces environment feedback
as a signal for tree-node evaluation, enabling recovery from execution errors rather than just reasoning
errors.

Inference-time search methods are powerful, but their main model-level value lies in the traces they
can provide for training. Plan-and-Act (Erdogan et al., 2025) further casts planning as a midtraining
data problem. Rather than only separating a Planner from an Executor, it constructs grounded planning
supervision from successful environment trajectories: a teacher model abstracts high-level plan steps
from executed action traces and aligns them with the low-level actions that realize each step. This query–
plan and plan–action data is then used to train models to produce executable decompositions instead
of ungrounded plans. Empirically, high-quality dynamic planning substantially improves even a base
Executor, raising WebArena-Lite success from 9.85% to 44.24%, and the full system reaches 57.58%.

The progression from CoT to LATS to Plan-and-Act reveals a consistent pattern: each method addresses
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the limitations of the previous one by introducing additional structure, including tree search, role special-
ization, and training. However, each also introduces new costs: compute overhead for search, sensitivity
to evaluator quality, and the challenge of keeping plans synchronized with dynamic environments.

4.2 Tool-Use Learning
In grounded agent settings, planning errors and tool-use errors are distinct failure modes. An agent
may reason correctly about what to do yet still select the wrong API, generate invalid arguments, or
misinterpret a tool’s return value. The methods in §4.1 generally assume tool invocation is straightforward;
this subsection asks what it takes to internalize reliable tool use through training.

Toolformer (Schick et al., 2023) pioneers self-supervised tool-use acquisition: the model generates its
own training data by inserting candidate API calls into existing text, filtering those that reduce perplexity
on subsequent tokens, and fine-tuning on the resulting corpus. This approach allows a model to learn when
to call a tool without human annotation of tool-use opportunities. However, Toolformer’s self-supervised
signal is tied to next-token prediction and does not optimize for task-level outcomes across multi-step
interactions.

As APIs proliferate, retrieval becomes essential. Gorilla (Patil et al., 2024) fine-tunes a model specifi-
cally for API invocation accuracy over a catalog of 16,000+ real-world APIs. By combining retrieval-
augmented generation with instruction fine-tuning, Gorilla substantially reduces hallucination of invalid
function signatures and achieves stronger performance than GPT-4 on API invocation benchmarks when
documentation is retrieved rather than memorized.

Together, Toolformer and Gorilla establish two complementary principles: learning when to invoke
tools as a temporal trigger and which tool to invoke accurately as API grounding. Both remain limited
by their static training distributions: neither adapts dynamically when APIs change or deprecate. This
limitation motivates environment-embedded RL approaches in §4.3.

4.3 Reinforcement Learning over Long Trajectories
Supervised learning of reasoning and tool use reduces local step errors, but it does not directly optimize
for long-horizon task completion. Distributional gaps between training trajectories and real deployment,
compounding errors across steps, and the absence of dense per-step supervision collectively motivate
reinforcement learning over full agent trajectories. Agentic RL presents four distinct challenges: sparse
and delayed outcome rewards, credit assignment, training stability under off-policy updates, and context
scaling when trajectories exceed context-window limits.

Trajectory-level training. LOOP (Chen et al., 2025b) establishes that RL training in stateful, multi-
domain environments is feasible for LLM agents. Training interactive digital agents (IDAs) to use APIs
of persistent application environments as a partially observable MDP, LOOP derives a memory-efficient
PPO variant that maintains a single copy of the LLM without a value network. A 32B agent trained with
LOOP on AppWorld surpasses the much larger OpenAI o1 by 9 percentage points, and analysis reveals
that RL causes the agent to learn substantively useful behaviors: consulting API documentation, avoiding
unwarranted assumptions, and recovering from execution failures.

Step-level credit assignment. A central difficulty in applying group-based RL, such as GRPO, to agent
tasks is that sparse terminal rewards are assigned uniformly across all trajectory steps. Beneficial and
detrimental actions receive identical reward signals when they co-occur in the same trajectory, inducing
gradient conflicts during policy optimization.

GiGPO (Feng et al., 2026a) addresses this with a two-level group structure: at the episode level, macro
advantages are computed from groups of complete trajectories sharing the same task; at the step level,
an anchor-state grouping mechanism identifies repeated environment states across different rollouts and
groups actions arising from the same state, enabling step-level micro-advantage estimation. GiGPO
achieves greater than 12% improvement over GRPO on ALFWorld and greater than 9% on WebShop
while maintaining identical GPU memory overhead and rollout cost.

SALT (Li et al., 2026a) constructs a trajectory graph from multiple rollouts of the same prompt, using
cross-trajectory structural information to quantify the relative quality of each step and assign advantages
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accordingly. SALT is designed as a plug-and-play enhancement to existing group-based RL algorithms:
it integrates with GRPO and RLOO without modifying the rollout procedure, introducing negligible
computational overhead. Experiments on WebShop, ALFWorld, and AppWorld confirm consistent
performance gains across model sizes.

HCAPO (Tan et al., 2026) takes a generative approach to credit: it uses the LLM itself as a post-hoc critic,
injecting the known successful outcome into the prompt to simulate a hindsight distribution and refine step-
level Q-value estimates through generative verification. A multi-scale advantage mechanism additionally
corrects misaligned value baselines at critical decision states. StepPO (Wang et al., 2026b) approaches the
same granularity mismatch from a different angle: rather than refining rewards, it reformulates the agentic
MDP at the step level, treating interaction steps rather than tokens as the basic trajectory units for both
modeling and policy optimization.

Stability and context scaling. Off-policy training exacerbates instability in long-horizon settings:
token-level importance-sampling weights diverge as policy distributions drift across gradient updates,
producing high-variance gradients and performance collapse. SORL (Li et al., 2025a) identifies two
compounding sources of instability—token-level granularity mismatch and off-policy variance—and
addresses them with turn-level importance sampling and clipping-triggered normalization. By computing
importance weights at the turn boundary rather than the token level, SORL aligns credit correction with
the natural interaction granularity of multi-turn agents, yielding consistently stable training curves and
preventing the collapse observed in standard PPO and GRPO.

For tasks measured in hours of human effort, trajectories can span hundreds of turns and hundreds of
thousands of tokens, far beyond standard context windows. KLong (Liu et al., 2026b) addresses this with
a two-stage training recipe. First, trajectory-splitting SFT divides expert trajectories, distilled from Claude
Sonnet with thinking, into overlapping sub-trajectories that preserve early context, progressively truncate
later content, and maintain continuity across splits. Second, progressive RL schedules training across
multiple stages with incrementally extended timeouts (2 → 4 → 6 hours), allowing the agent to gradually
adapt to tasks with increasingly delayed reward structures. KLong at 106B parameters outperforms
Kimi K2 Thinking (1T parameters) by 11.28% on PaperBench, demonstrating strong generalization to
SWE-bench Verified and MLE-bench.

A complementary strategy addresses context growth at inference time. Mono-contextual agents append
all retrieved information and reasoning steps to a single expanding context, leading to what IterResearch
(Chen et al., 2025a) terms context suffocation: as context grows, earlier relevant information becomes
harder to attend to, and noise accumulates. IterResearch reformulates long-horizon research as a Markov
Decision Process in which the agent maintains an evolving workspace report rather than a raw context log,
periodically synthesizing and reconstructing state. This Markovian reconstruction decouples exploration
depth from context length, enabling scaling to 2048+ tool calls while holding context to approximately
40K tokens. Performance improves dramatically with interaction count, from 3.5% to 42.5%, a scaling
law not observed in mono-contextual baselines. IterResearch further develops Efficiency-Aware Policy
Optimization (EAPO), which applies geometric reward discounting to incentivize efficient exploration
and uses adaptive downsampling for stable distributed training.

Having examined the three mechanism families separately, Table 4 consolidates their representative
implementations, long-horizon roles, and primary limitations. Unlike the conceptual progression in
Figure 4, the table is intended as a method-level reference.
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Table 4: Representative model-level mechanisms for reducing per-step error. The regimes move from inference-time structure to
tool-use internalization and long-horizon policy optimization.

Regime Representative
methods

Long-horizon role Primary limitation

Inference-time
reasoning

CoT, ToT, LATS (Wei
et al., 2022; Yao et al.,
2023a; Zhou et al.,
2023)

Adds intermediate reasoning, backtracking, and
environment-grounded tree search before
committing to actions.

High inference cost;
dependent on evaluator
quality.

Explicit
planning

Plan-and-Act (Erdogan
et al., 2025)

Separates high-level planning from
environment-specific execution, reducing
plan-generation bottlenecks.

Plans must remain
synchronized with dynamic
environments.

Tool-use
learning

Toolformer, Gorilla
(Schick et al., 2023;
Patil et al., 2024)

Internalizes when to call tools and how to ground
API invocation in documentation.

Static API distributions;
weak task-level
optimization.

Trajectory-level
RL

LOOP (Chen et al.,
2025b)

Optimizes agents directly in stateful interactive
environments.

Coarse trajectory-level
rewards and environment
dependence.

Step-level credit GiGPO, SALT,
HCAPO, StepPO (Feng
et al., 2026a; Li et al.,
2026a; Tan et al., 2026;
Wang et al., 2026b)

Assigns advantages to steps or states rather than
uniformly to whole trajectories.

Often evaluated on moderate
horizons; may require
repeated states or multiple
rollouts.

Stability and
horizon scaling

SORL, KLong,
IterResearch (Li et al.,
2025a; Liu et al.,
2026b; Chen et al.,
2025a)

Stabilizes off-policy updates and scales training or
inference to longer trajectories.

Expensive curricula, domain
specificity, and difficult
model-harness attribution.

5 Harness Design: Sustaining Reliable Execution
Harness-level determinants concern the execution infrastructure that turns a language model into a stateful,
tool-using, and evaluable agent. Model-level methods lower per-step error, but long-horizon execution
fails through accumulation: even a high per-step success rate yields end-to-end reliability that decays
as a task lengthens—empirically close to a constant per-step hazard at the aggregate level, giving each
agent a characteristic success “half-life” (Ord, 2025). This aggregate regularity is compatible with the
state-dependent, correlated errors of §4: a constant hazard is what one would observe if failures were
approximately independent, and we read it as indirect evidence that a well-designed harness converts
correlated failures into independently recoverable events. The reliable horizon is thus governed less by
single-step competence than by whether the surrounding system contains and recovers from the errors that
inevitably occur. Recent work formalizes this system as a “harness”—an externalization layer of execution
loop, context manager, state store, and verification interface (Meng et al., 2026; Zhou et al., 2026a)—and
suggests it can push reliability far beyond a bare model: decomposition with per-step error correction
has executed a highly decomposable task of over a million steps with zero final errors (Meyerson et al.,
2025). We organize the harness along three long-horizon-specific axes: grounding the execution loop in
feedback, so per-step errors are caught and corrected before they cascade (§5.1); managing and persisting
goal-relevant state—from the live context window to cross-episode memory and reusable skills—as the
trajectory outgrows the window and spans episodes (§5.2); and sustaining verified autonomy by shifting
outcome verification from the human to the agent (§5.3).

5.1 Execution Control and Environmental Feedback
The foundational harness pattern is an execution loop that constructs the current state, elicits reasoning or
an action, executes it, observes feedback, and conditions the next step on the result—turning one-shot
generation into situated, feedback-driven execution. Within a context-contained episode, where the task
state, recent observations, and stopping condition still fit the model’s context, the loop improves reliability
at minimum by making intermediate state visible and turning failures into signals. ReAct interleaves
reasoning traces with environment-facing actions (Yao et al., 2023c), and closed-loop natural-language
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Interventions matter only when the evaluation can attribute a boundary shift
The model, harness, environment, and protocol contribute different links in the same evidence chain.
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Figure 5: Intervention-to-evidence chain for reliable-horizon claims. Model and harness choices can prevent,
detect, or recover from errors, while replayable environments and matched evaluation protocols make those effects
attributable. A single successful trajectory is weak evidence; a credible extension claim requires repeated, stratified,
matched evaluation with uncertainty and an outward shift of the reliable boundary. The diagram is schematic.

feedback lifts long-horizon embodied instruction-following without additional training (Huang et al.,
2023). Feedback-driven refinement makes correction explicit: Reflexion converts outcome signals into
verbal reflections (Shinn et al., 2023), Self-Refine iterates generate–feedback–refine (Madaan et al., 2023),
Chain-of-Verification and Self-Debug check drafts against verification questions or execution results
(Dhuliawala et al., 2024; Chen et al., 2024), and CRITIC grounds critique in external tools (Gou et al.,
2024). Adaptive replanning and plan–execute decoupling keep the loop valid and efficient as horizons
grow (Sun et al., 2023; Xu et al., 2023), while search-structured variants explore and backtrack over
alternative paths when local decisions are ambiguous (Yao et al., 2023b; Zhou et al., 2024a).

These methods share one assumption—that the evidence needed to evaluate and repair an action stays
visible in the current state—and, for those relying on the model’s own feedback, one limit: intrinsic self-
correction is unreliable when the model cannot tell it has erred. A critical survey finds that self-correction
from prompted-model feedback alone shows little benefit under sound evaluation settings and works
mainly when reliable external feedback is available (Kamoi et al., 2024). The practical response is to make
the corrective signal external and trainable: learned critics catch more bugs than unaided human reviewers
(McAleese et al., 2024), and generative process reward models verify each intermediate step rather than
only the final answer (Khalifa et al., 2026). This shift—from internal-and-late toward external-and-early
correction—is the first-order lever for long horizons, and it carries directly into the verification machinery
of §5.3.

5.2 Context, Memory, and Persistent State
The feedback loop of §5.1 assumes that the episode remains context-contained: the evidence needed
to evaluate and choose the next action stays inside the context window. Long-horizon tasks break this
assumption. Tool outputs, observations, code diffs, logs, and partial plans accumulate until the relevant
state exceeds what the window can hold, while earlier decisions stay causally relevant long after they
scroll out of view. The trajectory itself then becomes an object of harness control—selecting, compressing,
externalizing, and recovering state under a finite context budget (Wang et al., 2026d). Throughout this
subsection we consider in-context and externalized state; parametric memory acquired through weight
updates is a model-level mechanism and belongs to §4. Table 5 summarizes the mechanism families, their
persistence scope, and their binding limits.

Four mechanism families manage state within the active episode. Observation selection and pruning
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trims high-volume tool outputs, logs, DOMs, or code before they overwhelm the next call (Wang et al.,
2026e; Lindenbauer et al., 2025). Trajectory summarization and folding turns action–observation histories
into compact continuation states (Wu et al., 2025; Sun et al., 2025). In-context memory construction and
recovery preserves facts, constraints, and dependencies that resurface many steps later within the same
run (Zhou et al., 2025b; Wu et al., 2026a). Evidence and plan externalization keeps inspectable artifacts,
citations, tests, and evolving plans outside the prompt (Li et al., 2025b; Wu et al., 2026b). These families
differ in the granularity at which they act—individual observations, whole trajectory segments, extracted
facts, or external artifacts—but share a single design question: which state to keep at what cost. How
state is selected, compressed, and recovered is itself a determinant of the reliable horizon: compression
is inherently lossy—content discarded as irrelevant may be exactly what a later step needs (Wang et al.,
2026d)—and when the harness keeps the wrong evidence, compresses away an exact constraint, or fails to
restore an earlier decision, later calls can be locally reasonable yet globally invalid.

These mechanisms keep a single trajectory usable; memory proper persists goal-relevant state across
episodes and sessions. Following the working/episodic/semantic/procedural taxonomy of Sumers et al.
(Sumers et al., 2024), as adopted by subsequent memory surveys (Hu et al., 2025b), we group mechanisms
by function into three families, merging working with semantic memory (both retain facts beyond the
active window) and treating episodic storage as experiential. Working and factual memory retains and
pages facts: Generative Agents couples a recency-weighted memory stream with periodic reflection
(Park et al., 2023), MemGPT treats the context window as virtual memory with OS-style paging (Packer
et al., 2023), HippoRAG indexes experience into a knowledge graph for multi-hop recall (Gutiérrez et al.,
2024), and Mem0 extracts and consolidates salient facts for production use, with self-reported gains in
accuracy, latency, and token cost over a proprietary baseline (Chhikara et al., 2025). Experiential memory
stores reusable episodes: ExpeL distills natural-language insights from past trajectories without weight
updates (Zhao et al., 2024), A-MEM maintains an evolving Zettelkasten of dynamically linked notes (Xu
et al., 2026d), and ACE curates accumulated experience as an evolving playbook (Zhang et al., 2026b).
Procedural memory and skill libraries store how to act: Agent Workflow Memory induces reusable
workflows from prior trajectories (Wang et al., 2025e), Memp studies the build–retrieve–update lifecycle
of procedural memory (Fang et al., 2026), and Voyager and JARVIS-1 accumulate executable, verified
skills as composable building blocks for open-ended tasks (Wang et al., 2024a, 2025f).

Across all three functions, externalized state survives context limits and amortizes re-derivation over
long or repeated tasks. Its binding constraint is that memory can mislead as easily as it helps: no single
memory architecture dominates across workloads—flat stores, graphs, paged hierarchies, and skill libraries
each win where their structure matches the task’s bottleneck (Zhou et al., 2026c)—and a memory whose
structure mismatches the task degrades in practice into stale or noisy state, itself a primary long-horizon
failure mode that §6.2 examines as memory failure and goal drift.
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Table 5: State management and memory mechanisms for long-horizon execution. Rows above the rule manage the active
trajectory under a finite context budget (within-episode); rows below persist state across episodes and tasks, following the
taxonomy of Sumers et al. (Sumers et al., 2024) with working and semantic memory merged as factual, and episodic memory
treated as experiential.

Mechanism family Scope Structure and representative works Binding limit

Observation selection &
pruning

within-
episode

observation-level: SWE-Pruner, Squeez,
LongCodeZip, ACON, LCoW, observation
masking (Wang et al., 2026e; Kovács, 2026; Shi
et al., 2025; Kang et al., 2025; Lee et al., 2025;
Lindenbauer et al., 2025)

relevance is task-conditioned;
pruned content may be needed
later

Trajectory
summarization & folding

within-
episode

trajectory-level: ReSum, AgentFold,
Context-Folding, Trajectory Reduction (Wu
et al., 2025; Ye et al., 2025; Sun et al., 2025;
Xiao et al., 2026)

compression is lossy; exact
constraints may be discarded

In-context memory
construction & recovery

within-
episode

fact/constraint-level: MEM1, ContextWeaver,
proactive extraction (Zhou et al., 2025b; Wu
et al., 2026a; Yang et al., 2026a)

must anticipate which state
will resurface

Evidence & plan
externalization

within-
episode

artifact-level: WebWeaver, Step-DeepResearch,
ContextBudget (Li et al., 2025b; Hu et al.,
2025a; Wu et al., 2026b)

externalized state must be
re-grounded before use

Working / factual
memory

cross-episode memory stream (Generative Agents), paged
hierarchy (MemGPT), knowledge graph
(HippoRAG), consolidated facts (Mem0) (Park
et al., 2023; Packer et al., 2023; Gutiérrez et al.,
2024; Chhikara et al., 2025)

staleness and retrieval
precision

Experiential memory cross-episode distilled insights (ExpeL), linked notes
(A-MEM), evolving playbook (ACE) (Zhao
et al., 2024; Xu et al., 2026d; Zhang et al.,
2026b)

insights may not transfer
across task distributions

Procedural memory &
skills

cross-task induced workflows (AWM), lifecycle
management (Memp), verified skill libraries
(Voyager, JARVIS-1) (Wang et al., 2025e; Fang
et al., 2026; Wang et al., 2024a, 2025f)

skills require validity
maintenance as environments
change

5.3 Verification, Recovery, and Autonomous Loops

Feedback and state keep a loop coherent; running it long and unattended additionally requires deciding,
without a human, when output is good enough and when to stop. We term this looping engineering,
following the harness perspective of Meng et al. (Meng et al., 2026): the agent finds work, executes,
verifies its own outcome, and decides whether to continue, retry, escalate, or halt—moving the human
from “in the loop” (reviewing each result) to “on the loop” (maintaining the harness). Verification is the
crux, and the hard part. As models strengthen, reliable verification becomes harder than generation and no
fixed reward survives a continually improving policy, so the verifier must co-evolve with the agent (Wang
et al., 2026a); moreover, fixed test-based gates under-specify intent on long-horizon, systems-level work,
leaving room for reward hacking that grows with the gap between task difficulty and model capability
(Zhao et al., 2026a). A loop also cannot safely be its own judge—letting the generating model gate itself
tends to ratify its own mistakes (Kamoi et al., 2024; Huang et al., 2024)—so verification is best delegated
to an independent checker, where independence may be of weights (a separate model) or, more weakly, of
context (a fresh view over the same model).

Agent-side verification and control. Several mechanisms supply this. Agent-as-a-Judge evaluates
an agent’s full trajectory with another agent rather than scoring only the endpoint (Zhuge et al., 2025);
self-verifying coders interleave generation with self-generated tests (Jin et al., 2026b); and process reward
models score intermediate steps so the loop can prune or accept them at inference time (Choudhury,
2025). Knowing when to stop matters as much as what to do next: explicit early-exit policies break
repetitive loops and hand off rather than churn (Lu et al., 2025), adversarial analysis shows that corrupting
progress signals can trap agents in unbounded loops (Xu et al., 2026c), and scheduler-style control flow
replaces the implicit loop with bounded, inspectable execution (Wei, 2026; Sypherd and Belle, 2024).
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When confidence is low the agent should escalate rather than proceed; studies of clarification timing find
that frontier agents rarely ask in the right window (Gulati et al., 2026), and human-on-the-loop systems
operationalize where to place such gates (Mozannar et al., 2025).

Evidence, limits, and failure. These ingredients let agents sustain coherent work over long durations:
a self-reflective coding agent that verifies its own progress from an independent context has run unattended
for tens of hours (Orimo et al., 2025). The same evidence cautions against equating autonomy with
capability. A controlled scaling study finds that adding agents or coordination yields diminishing returns
once a single-agent baseline is already strong, and that architectures lacking centralized verification
amplify rather than contain errors (Kim et al., 2026); correspondingly, leaner designs—a fixed pipeline,
or a production harness that is mostly a simple while-loop wrapped in operational infrastructure—often
match elaborate ones at lower cost (Xia et al., 2025; Liu et al., 2026a; Wang et al., 2025b). Where
loops still fail, empirical taxonomies trace the cause to non-termination, looping, and missing verification
(Cemri et al., 2025; Zhu et al., 2025), motivating intervention-driven recovery that localizes the implicated
step and reruns to confirm a repair (Ma et al., 2025). Table 6 organizes these mechanisms by the decision
each supplies and the limit that constrains it.

Table 6: Looping engineering: the decisions an unattended loop must make, the mechanisms that supply each decision, and
the binding limit that constrains it. Evidence on sustained autonomy and its failure modes (PARC; scaling caveats; failure
taxonomies) is discussed in the text.

Loop decision Representative mechanisms Binding limit

Verify the outcome trajectory-level judging (Agent-as-a-Judge), self-generated
test verification (ReVeal), step-level process reward models
(Zhuge et al., 2025; Jin et al., 2026b; Choudhury, 2025)

verification, not generation, is the
binding bottleneck as capability
grows; under-specified test gates
admit reward hacking on long-horizon
systems-level tasks (Wang et al.,
2026a; Zhao et al., 2026a)

Stop or continue early-exit policies, scheduler-style bounded control flow
(Lu et al., 2025; Wei, 2026; Sypherd and Belle, 2024)

progress signals can be poisoned into
unbounded loops (Xu et al., 2026c)

Escalate to a human approval gates and human-on-the-loop interfaces
(Magentic-UI) (Mozannar et al., 2025)

frontier agents rarely ask in the right
window (Gulati et al., 2026)

Localize and repair intervention-driven debugging with rerun confirmation
(Dover) (Ma et al., 2025)

silent semantic failures evade
localization; dominant causes remain
non-termination and missing
verification (Cemri et al., 2025; Zhu
et al., 2025)

Synthesis. Across the three axes, the reliable horizon is a property of the model–harness pair: in the
notation of §2.2, harness interventions act on G in S = (πθ,G, E), shifting the reliable-horizon surface—
the boundary of Hα(S,Q)—without changing πθ. The same model reaches very different horizons
depending on the feedback that catches its errors, the state it can carry, and the verification that lets it
run unattended. This is why separating model gains from harness gains is an open evaluation problem,
and why we treat useful horizon as a systems property of the coupled model, harness, environment, and
verifier.

6 Failure Modes and Open Problems
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Figure 6: Overview of failure modes and open problems in reliable long-horizon execution. The four groups
correspond to the section’s analysis of planning, grounding, and tool failures; memory failure and goal drift; error
propagation and recovery; and evaluation validity, cost, and human oversight. The central trajectory illustrates how
coupled errors, delayed verification, fading memory, and difficult recovery can shorten the reliable horizon.

The preceding sections show that long-horizon agents fail not because one component is missing, but
because planning, grounding, memory, tools, verification, cost, and oversight interact across extended
trajectories. This section distills the main open problems around the reliable execution horizon: coupled
skill failures, memory degradation, error cascades and recovery, attribution, cost, contamination, and
human oversight.

6.1 Planning, Grounding, and Tool Failures
Planning, grounding, and tool use are often evaluated as separable capabilities, but long-horizon execution
makes them tightly coupled. A correct high-level plan can fail if an agent grounds a browser element, file
path, API field, or code location incorrectly; a correctly perceived state can still fail if the agent selects an
invalid tool call or violates a domain policy; and a syntactically valid tool call can still be harmful if it
advances the wrong subgoal (Deng et al., 2023; Zhou et al., 2024b; Patil et al., 2024; Yao et al., 2024).
This coupling explains why benchmarks based on live or simulated environments often reveal failures that
are invisible in static reasoning tasks (Xie et al., 2024b; Trivedi et al., 2024a).

A major frontier is therefore to evaluate failure composition rather than isolated skill accuracy. Web
and GUI agents must connect language goals to visual or structural observations over changing pages,
software agents must map natural-language requirements to cross-file edits and executable tests, and tool
agents must satisfy both user intent and hidden state constraints in databases or APIs (Koh et al., 2024;
Jimenez et al., 2024; Wang et al., 2024c; Yao et al., 2024). In all cases, a local error can change the future
state space: clicking the wrong control, modifying the wrong file, or updating the wrong database row
creates new observations that may appear internally consistent while moving the trajectory away from the
true goal (Wang et al., 2026c).

Progress requires diagnostic protocols that identify not only whether an agent failed, but which
coupling failed first and how the failure propagated. Trajectory-level benchmarks such as AgentBoard and
HORIZON move in this direction by emphasizing intermediate states and failure attribution, while stable
tool-evaluation infrastructure reduces confounds caused by changing external APIs or nondeterministic
graders (Ma et al., 2024; Wang et al., 2026c; Guo et al., 2024). Future evaluations should annotate whether
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failures originate in decomposition, observation grounding, tool selection, argument construction, policy
compliance, state tracking, or verification, because each source implies a different model or harness
intervention (Rabanser et al., 2026).

6.2 Memory Failure and Goal Drift
Long-horizon agents must decide what to remember, what to summarize, what to retrieve, what to discard,
and what to distrust. Memory is therefore not merely a larger context window: it is a state-management
mechanism that must preserve user constraints, intermediate artifacts, tool outputs, environment obser-
vations, and unresolved subgoals while preventing stale or false information from contaminating future
decisions (Packer et al., 2023; Gutiérrez et al., 2024; Hu et al., 2025b; Du, 2026). This distinction matters
because a memory system that stores more text can still shorten the reliable horizon if it retrieves outdated
state or compresses away task-critical constraints (Mei et al., 2025; Wu et al., 2026b).

Goal drift arises when an agent’s active objective gradually diverges from the user’s original intent or
from the current environment state. It can occur through lossy summaries, irrelevant retrieval, repeated
self-generated assumptions, failed attempts copied into scratchpads, or over-optimization of local subgoals
such as passing a test while violating a broader specification (Shinn et al., 2023; Shi et al., 2025; Yan
et al., 2026). In coding and workflow tasks, this drift is especially dangerous because intermediate
artifacts become part of the world: a wrong edit, invalid cached result, or obsolete plan may be repeatedly
reinforced by later observations (Jimenez et al., 2024; Wang et al., 2026c).

The research frontier is to evaluate memory by state fidelity and action usefulness, not by storage
capacity alone. Useful memory should preserve task-critical invariants, identify the freshness and
provenance of stored facts, support contradiction detection, and expose uncertainty when retrieved
information may no longer match the environment (Xu et al., 2026d; Du, 2026; Mei et al., 2025). Harnesses
can help by separating durable user constraints from temporary observations, attaching timestamps and
tool provenance to memory entries, maintaining checkpoints, and forcing revalidation before irreversible
actions (Qiao et al., 2023; Wang et al., 2025d; Mozannar et al., 2025).

6.3 Error Propagation and Recovery
Long-horizon language agents do not make decisions from a stateless context. Each step is conditioned
on an accumulated trajectory of prior actions, observations, tool responses, intermediate plans, and, in
some systems, persistent memory. As a result, an early mistake may not simply cause a local failure;
it can be incorporated into the agent state and subsequently shape later reasoning and action selection.
This phenomenon gives rise to error cascades, where downstream decisions may appear coherent with
the recorded trajectory while still being causally downstream of an earlier fault. Recent diagnostic
studies make this issue explicit: TOOLSCAN (Kokane et al., 2025) moves beyond final success rate
by characterizing fine-grained tool-use errors, such as invalid formats, hallucinated functions, incorrect
arguments, repeated calls, and insufficient API calls, while AgentErrorTaxonomy (Zhu et al., 2025)
attributes failures to memory, reflection, planning, action, and system-level modules and highlights error
propagation as a central bottleneck in agent reliability.

A common mitigation strategy is to introduce iterative critique and revision. Self-Refine (Madaan
et al., 2023) turns generation into a feedback and refinement loop in which the same model critiques and
revises its own output, whereas Reflexion (Shinn et al., 2023) stores verbal reflections from failed trials as
episodic memory to guide subsequent attempts. These methods show that feedback-conditioned revision
can improve agent behavior in many settings. However, their success should not be conflated with reliable
intrinsic self-correction. In reasoning tasks, models often fail to judge the correctness of their own outputs
without additional evidence, and self-correction can even reduce performance (Huang et al., 2024). This
suggests that recovery is less a matter of simply generating another response than of identifying which
part of the previous trajectory should be revised, ignored, or discarded.

External feedback provides a more grounded basis for such diagnosis. Tool outputs, execution traces,
verifier judgments, simulator observations, and environment errors can expose discrepancies between
an agent’s intended plan and the actual state of the world. CRITIC (Gou et al., 2024) illustrates this
principle by verifying model outputs through external tools and using the resulting critiques to guide
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revision. In agentic planning, Hell or High Water (Wang et al., 2025a) isolates a complementary setting:
agents encounter external tool failures while the task remains solvable through alternative function
compositions, thereby testing whether they can abandon a failed plan and construct a backup strategy.
PALADIN (Vuddanti et al., 2025) further treats recovery as a learnable execution-level behavior: it
injects tool failures into ToolBench-style trajectories, annotates recovery actions, fine-tunes agents on
failure-rich rollouts, and retrieves taxonomy-aligned recovery exemplars at inference time to guide retry,
tool substitution, replanning, or graceful termination. These studies indicate that recovery requires not
only retrying, but also interpreting feedback, localizing the failure source, and adapting the subsequent
action space.

In summary, this line of work reframes agent robustness as a state-management problem. A recovery
protocol must specify the failure type, the observability of the failure signal, whether the task remains
feasible, what alternative actions are available, and how much of the accumulated trajectory should
continue to be trusted. Open challenges remain in distinguishing recoverable external failures from invalid
tasks, detecting silent semantic failures that produce plausible but wrong observations, and deciding
when persistence should give way to safe abstention. Error cascades, self-correction, and recovery should
therefore be studied jointly, as mechanisms for controlling how unreliable trajectory state is diagnosed,
revised, and propagated.

6.4 Evaluation Validity, Cost, and Human Oversight
Method-level progress alone does not determine whether language agents are reliable. Modern agents
are increasingly deployed as systems: their behavior is shaped not only by the base model, but also by
context assembly, memory retrieval, tool interfaces, search and verification policies, execution controllers,
and human intervention. Recent surveys on context engineering, self-evolving agents, and agent memory
make this systems view explicit, treating context, memory, tools, and adaptation as first-class determinants
of agent behavior rather than auxiliary prompting choices (Mei et al., 2025; Gao et al., 2026; Hu et al.,
2025b; Du, 2026). This shift raises a methodological question that current benchmarks only partially
address: when an agent succeeds, what exactly should the success be attributed to, under what resource
budget, with what contamination risk, and under what autonomy constraints?

Model–harness attribution. A central challenge is to disentangle model capability from harness effects.
Improvements on agent benchmarks may reflect a stronger base model, but they may also arise from
better context construction, memory retrieval, tool schemas, search depth, verifier design, retry policies, or
interface constraints. Final task success is therefore insufficient evidence of model-level progress. More
rigorous evaluation should report both model-only and system-level performance, and should include
controlled ablations that vary one component while holding the others fixed. This requires, for example,
freezing the harness while changing the model, freezing the model while changing memory or tool
policies, and reporting cross-combinations of models and scaffolds. Trajectory-centric benchmarks such
as AgentBoard move in this direction by evaluating agents through multi-step action–observation processes
rather than single-shot outputs (Ma et al., 2024). However, the field still lacks standardized factorial
protocols for attributing gains across model, memory, tool, verifier, and execution-policy components.

Cost-normalized evaluation. Agent reliability should also be compared under explicit resource
budgets. Higher success rates can often be obtained by increasing prompt length, sampling more
candidates, deepening search, adding reflection rounds, calling more tools, using stronger verifiers, or
coordinating larger agent teams. Without cost normalization, benchmark comparisons may conflate
capability with expenditure. Recent work on scaling agent systems shows that coordination benefits
are highly task-dependent: multi-agent systems can help on decomposable tasks but can also incur
coordination overhead, saturation effects, and topology-dependent error amplification on sequential or
tool-heavy tasks (Kim et al., 2026). Evaluation should therefore report success jointly with token usage,
wall-clock latency, number of model calls, tool-call counts, verifier cost, memory growth, and human-
intervention cost. In many settings, Pareto frontiers over accuracy, cost, and latency are more informative
than a single aggregate success score.

27



Benchmark contamination. Contamination is particularly difficult to control in agentic evaluation.
Leakage may occur not only through final answers, but also through task templates, tool schemas, website
states, demonstrations, grading scripts, public solution traces, recovery exemplars, or benchmark-specific
prompting conventions. Thus, strong performance on a long-horizon benchmark may reflect familiarity
with the evaluation environment rather than robust generalization. General studies of benchmark data
contamination distinguish multiple levels of exposure, from semantic and information-level leakage
to direct data and label leakage (Xu et al., 2024a). Dynamic benchmarks provide complementary
mitigation strategies: LatestEval (Li et al., 2024) constructs reading-comprehension tests from recent texts,
LiveCodeBench (Jain et al., 2025) uses time-stamped programming problems and evaluates models on
post-cutoff data, and LiveBench (White et al., 2024) combines frequently updated questions with objective
ground-truth scoring. For agents, these ideas need to be extended beyond fresh questions to regenerated
environments, rotating tool schemas, hidden tool states, private task distributions, and trace-level leakage
audits.

Adaptive autonomy and human oversight. A further frontier is determining when agents should
act autonomously and when they should defer to human judgment. Oversight should not be reduced to
a binary choice between full automation and manual control. Depending on risk and reversibility, an
agent may need to request clarification, seek approval before irreversible actions, checkpoint its state, roll
back a previous step, abstain under uncertainty, or escalate to a human operator. This issue is acute in
tool-using and state-changing environments, where errors can affect external systems rather than merely
produce incorrect text. Safety benchmarks such as AgentDojo (Debenedetti et al., 2024) and Agent-
SafetyBench (Zhang et al., 2024) show that tool-integrated agents introduce behavior-level risks, including
unsafe tool invocation, prompt-injection vulnerability, excessive trust in tool outputs, and insufficient risk
awareness. Governance-oriented work further emphasizes constrained action spaces, approval gates, audit
trails, sandboxing, rollback mechanisms, and accountability for deployed agentic systems (Shavit et al.,
2023). Future protocols should treat human intervention as a scarce but necessary resource, reporting
escalation precision, approval burden, intervention latency, rollback success, reversibility, and post-hoc
trace interpretability.

In summary, these frontiers shift the unit of analysis from isolated task success to the quality of
evidence supporting a reliability claim. A mature evaluation protocol should disclose the base model,
harness configuration, context policy, memory policy, tool budget, verifier budget, contamination controls,
autonomy policy, and human-intervention interface. Without such reporting, progress remains difficult to
attribute, expensive to reproduce, and unsafe to extrapolate to open-ended deployment.

7 Conclusion and Outlook
LLM agents are increasingly expected to solve tasks that require extended interaction with tools, software
environments, web interfaces, databases, and other mutable external states. The central question is not
whether a system can occasionally complete a long task, but whether it remains reliably delegable as task
pressure increases. This survey separates six task-pressure axes from the outcome stack, represents reliable
horizon as a protocol-dependent surface, and interprets scalar horizons only as declared conditional slices.
On this view, model or harness progress is established by a controlled outward shift of the reliable
boundary under matched tasks, budgets, and verification—not by a larger action count or a single
successful trajectory. Reliable horizon is therefore a measurable property of the full model–harness–
environment–evaluation system.
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A Survey Methodology and Coverage
A.1 Search Strategy and Eligibility
We froze the reviewed corpus on 20 July 2026. Discovery used Google Scholar query families combining
long-horizon, LLM agent, reliability, benchmark, and domain terms such as web, computer use, software
engineering, tool use, and planning. We complemented keyword search with backward and forward
chaining from anchor benchmarks and methods already identified in each domain. Because the project
did not preserve a complete historical log of every result seen before this revision, we do not report an
artificial PRISMA-style initial-hit count.

Work was eligible when it evaluated an LLM-based agent in an interactive setting and when suc-
cess depended on coupled actions, mutable or persistent state, delayed consequences, trajectory-level
verification, or repeated-run reliability. We excluded static question answering, ordinary long-context
processing, independent dialogue turns, and one-call tool demonstrations unless the work explicitly
measured horizon-dependent behavior. We prioritized primary benchmark or method papers that disclosed
tasks, environments, graders, or execution protocols; survey papers were used for orientation rather than
as substitutes for primary evidence.

A.2 Evidence Extraction and Verification
For each benchmark, we extracted the task domain, scale, native extent unit, coupling mechanism,
persistent state, correctness signal, resource or protocol budget, and source identity. New scholarly records
were first located in Google Scholar and then checked against the official paper, proceedings page, arXiv
record, or publisher metadata. This two-stage check reduces title collisions and prevents third-party
descriptions from becoming bibliographic authority. Official product pages were used only for newly
released commercial systems without a suitable first-party technical paper, and those systems are not used
as comparable empirical evidence.

A.3 Coverage and Limitations
The resulting corpus covers web and browsing agents; computer, mobile, and embodied interaction;
software engineering and terminal work; tool, API, app, and workplace workflows; planning and scientific
tasks; model-level reasoning and learning; harness-level memory, verification, recovery, and oversight; and
evaluation methodology. The complete benchmark inventory contains 64 entries in Appendix B. Coverage
is intentionally evidence-weighted rather than exhaustive: fast-moving 2026 preprints, commercial systems
with incomplete disclosures, and works without stable task or grader descriptions are discussed cautiously.
Google Scholar is used as a discovery and cross-check layer, not as the sole authority for metadata or
technical claims.
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⚫ Google Scholar query families
⚫ Backward/forward citation chaining
⚫ Domain anchor papers

⚫ Interactive LLM-agent setting
⚫ Coupled actions or persistent state
⚫ Delayed or trajectory-level verification

⚫ Domain, scale, and extent
⚫ Coupling, state, and correctness
⚫ Budget, protocol, and provenance

⚫ Official paper or proceedings
⚫ arXiv or publisher metadata
⚫ First-party project records

⚫ 64-entry benchmark inventory
⚫ Model–harness evidence map
⚫ Metrics, gaps, and open problems

Candidate pool Eligible corpus Evidence sheet Verified records Survey outputs

Figure 7: Survey methodology and evidence trail. Discovery, eligibility screening, structured extraction, and source
verification lead to the evidence-coded synthesis used throughout the paper. The figure reports the final 64-entry
benchmark inventory but deliberately does not invent unavailable historical screening counts.

B Benchmark Inventory and Evidence Sources
Table 7 lists all 64 benchmark entries considered in this survey and uses the same eight-field schema
as the representative table in the main text. Completeness here refers to inventory coverage, not to the
availability of an official task-length statistic. We assign a typed extent level only when an official source,
or a separately identified external primary measurement, supports it; otherwise both length fields are
marked NR (not reported). Prefix T denotes time-derived extent, S denotes native interaction counts,
and B denotes protocol budgets or execution windows; numeric levels are comparable only within the
same prefix and compatible measurement provenance, and budget codes additionally require their native
unit. We prefer human/reference trajectories, then native execution counts, and finally official protocol
budgets; rollout- or scaffold-specific values are retained only when explicitly labelled as such. Aggregate
performance metrics are intentionally excluded because they belong to the evaluation protocol rather than
the benchmark-inventory schema.
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Table 7: Complete inventory of 64 long-horizon agent benchmark entries. Extent levels and per-task values follow the same
evidence hierarchy and thresholds as Table 2; NR means that no supported official per-task extent was recorded, so no level is
assigned.

Benchmark Domain Scale Type Per-task extent Coupling Persistent state Correctness signal

Web navigation and browsing
MiniWoB Web UI 100 tasks NR NR In compound tasks,

earlier widget actions
create page state required
by later actions

Current page, widget
values, and episode state

Environment reward after
task completion

WebShop Web
Shopping

12,087 in-
structions

S2 11.3 states (mean;
human expert);
max 114

Product constraints
couple search,
comparison, option
selection, and purchase

Visited products, selected
options, cart, and session
state

Task reward; exact
success when reward
equals 1

Mind2Web Web
Navigation

2,350 tasks S1 7.3 actions (mean;
reference
demonstrations)

Cross-page actions
depend on prior
navigation and selections

Recorded DOM snapshots
and prior actions in the
demonstration trace
(static dataset)

Reference element and
action checks

WebLINX Dialogue
Web
Navigation

2,337
demonstra-
tions

S3 43 turns (mean;
reference
demonstrations)

Dialogue turns determine
later browser actions

Recorded dialogue/action
history, DOM snapshots,
and screenshots (static
demonstrations)

Reference intent, element,
and text-action checks

WebArena Web
Navigation

812 tasks T1 35.38 s (median;
external 100-task
sample)

Cross-page and cross-site
subgoals

Website, account, and
database state

Task-specific functional
checks over final state or
answer

WebCanvas Live Web
Navigation

542 tasks S1 8.39 annotated
steps/task (mean)

Page transitions and form
edits create later
prerequisites

Live page, DOM, form,
and account state

Key-node URL,
element-path, and value
matches; step- and
task-level checks

VisualWeb
Arena

Visual Web
Navigation

910 tasks S1 9.6 steps (mean;
official
GPT-4V+SoM
rollout;
model/scaffold-
specific)

Visual grounding across
dependent website actions

Website, account,
database, and
task-relevant
visual-content state

Functional final-state
evaluators

WebVoyager Open-Web
Navigation

643 tasks B2 15 steps
(maximum; official
evaluation budget)

Earlier web actions
determine the page state
available to later actions

Live browser session,
navigation history, current
page, and site state

Multimodal GPT-4V
task-success judge over
final answers and recent
screenshots

Computer use, mobile, and embodied worlds
OSWorld Desktop

Computer
Use

369 tasks T2 111.94 s (median;
n = 369)

UI and file operations
create later preconditions

Files, applications,
documents, settings, and
OS state

Execution-based final
application, file, and OS
checks

OSWorld 2.0 Professional
Computer
Workflows

108 tasks T4 About 1.6 h
(median; annotat-
ed/estimated);
69.6% > 1 h

Interdependent
cross-application
workflows with dynamic
updates

Workspace files,
application/service
records, user-profile data,
messages, and injected
updates

Fine-grained final-state
checkpoints; functional
checks with limited
model-based judging

Windows
Agent Arena

Windows
Computer
Use

154 tasks S1 8.1 steps (mean;
one-participant
human evaluation)

Window, application, and
file actions create later
preconditions

Windows applications,
files, settings, and desktop
state

Task-specific final-state
evaluators

OmniACT Desktop/Web
Control

9,802 tasks S1 1 action (derived
median; mean 1.66,
range 1–11; official
scripts)

In multi-action tasks,
earlier script actions
create the UI state
required by later actions

N/A (static screenshot-to-
action-sequence
prediction)

Reference
action-sequence and
action-level checks

Android
World

Mobile
Computer
Use

116 task
templates

S1 6 optimal steps
(median); range
1–60

Earlier UI actions mutate
app/device state required
by later actions

Android UI, app
databases, records, files,
and settings

Programmatic rewards
over device and
application state

B-MoCA Mobile
Device
Control

131 tasks S1 9 steps (derived
median maximum
episode length;
range 4–≥17)

Device-control actions
depend on the changing
screen state

Android UI, application
state, language, and
settings

Goal-state success checks

ALFRED Embodied
Household
Tasks

8,055
demonstra-
tions

S3 50 action steps
(mean); 7.5
subgoals (mean)

PDDL-derived navigation
and manipulation chains

Agent pose, object
locations, receptacles, and
object states

Task success and
goal-condition success

BEHAVIOR-
1K

Embodied
Activities

1,000
activities

NR NR Object-state and spatial
transitions are coupled by
BDDL initial/goal
predicates and physical
feasibility

Scene graph, object poses,
relations, and physical
states

Goal predicates and
task-success checks

RoboCerebra Robotic
Manipulation

60 test
tasks / 600
rollouts

S5 2,972.4 simulation
steps (mean;
human trajectories)

Manipulation subgoals
depend on completed
prior operations

Scene, object states, robot
state, and subtask
progress

Simulator object-state
predicates; exact plan
matching and VideoQA
checks
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Table 7: Complete inventory of 64 long-horizon agent benchmark entries (continued).

Benchmark Domain Scale Type Per-task extent Coupling Persistent state Correctness signal

Computer use, mobile, and embodied worlds (continued)
WeaveBench Hybrid

Computer
Use

114 tasks S3 76 tool calls
(median; best
official Hybrid
rollout/task); mean
88, range 14–471

GUI, CLI, code, and
filesystem actions share
artifacts

Desktop/application state,
source/config files,
artifacts, logs, and service
status

Trajectory-aware agentic
judge over artifacts,
screenshots, logs, and
actions, with shortcut
detection

HeroBench Virtual-
World
Planning

844 tasks
(180
evaluated)

S3–5 Difficulty-stratum
means 40–937
environmental
actions (mean ±
SD)

Resource dependencies
and action order constrain
later choices

Simulator location,
inventory, equipment,
skill levels, and resource
counts

Goal-completion and
partial-progress checks

Software engineering and terminal work
SWE-bench Software

Engineering
2,294 tasks T3 Estimated median

bucket 15–60 min
Cross-file changes must
jointly satisfy
issue-specific and
regression tests

Working tree, source,
dependencies, build, and
test state

FAIL_TO_PASS and
PASS_TO_PASS tests

SWE-bench
Verified

Software
Engineering

500 tasks T3 Estimated median
bucket 15–60 min

Cross-file changes must
jointly satisfy
issue-specific and
regression tests

Working tree, source,
dependencies, build, and
test state

FAIL_TO_PASS and
PASS_TO_PASS tests

SWE-Cycle Issue-
Resolution
Cycle

489 tasks B4 90 min (isolated) /
3 h (FullCycle),
maximum

Environment
reconstruction, code
implementation, and
verification-test
generation are
cross-phase dependent

Repository, execution
environment,
reproduction, and test
state

SWE-Judge static code
review plus dynamic
execution tests

SWE-bench-
Live

Software
Engineering

1,319 tasks
(initial
release)

B3–4 60 iterations
(OpenHands) / 100
LLM calls
(SWE-Agent),
maximum

Cross-file changes must
jointly satisfy fresh
issue-specific and
regression tests

Repository snapshot,
issue context, working
tree, and tests

Issue-specific executable
tests

SWE-MERA Software
Engineering

728
samples
(2025
snapshot)

NR NR Issue repair couples
localization, edits, and
validation

Repository snapshot,
source files, dependencies,
and tests

Repository-level
executable tests

SWE-
rebench V2

Software
Engineering

32,079
tasks

NR NR Cross-language repair
depends on build and test
feedback

Repository, language
toolchain, dependencies,
and test state

Task-specific executable
tests

SWE-Bench
Pro

Professional
Software
Engineering

1,865 tasks B3 50 turns
(maximum; official
evaluation budget)

Professional requirements
couple cross-file
implementation choices

Large repository,
dependencies, build
artifacts, and tests

Repository-level
acceptance and regression
tests

DeepSWE Software
Engineering

113 tasks B4 2.5 h (maximum;
official leaderboard
budget)

Cross-file
implementations must
jointly satisfy
task-specific behavior
verifiers

Repository, source
changes, build state, and
test results

Hand-written program
verifiers for task-specific
acceptance

SWE-
Marathon

Project-scale
Software
Engineering

20 tasks T5 Expert-human
estimate 40–400 h

Repeated project-scale
implementation, build,
and test loops

Task workspace,
source/output artifacts,
build/runtime state, and
measured results

Tests, behavioral checks,
judges, and performance
gates

Feature
Bench

Feature
Development

200 tasks B5 500 steps
(maximum; default
official evaluation
budget)

Feature requirements
couple architecture,
implementation, and tests

Repository, feature
artifacts, dependencies,
and regression state

Feature-specific
acceptance and regression
tests

SWE-
Explore

Repository
Exploration

848 tasks B1–3 8 search calls
(LocAgent) / 25–30
steps
(Mini-SWE-Agent/
AweAgent),
maximum

Relevant code regions
must be jointly selected
and ranked under a fixed
line budget

Repository snapshot,
issue specification, and
ranked code-region output
(no code changes)

Ground-truth relevant-file
and location labels

ReCUBE Repository-
Level Code
Generation

366
masked-
file
instances

S2 20.3 turns (mean;
GPT-5 Mini + CCE
official rollout)

Cross-file symbols,
dependencies, and
documentation constrain
masked-file
reconstruction

Unmasked repository
files, dependency
specifications,
documentation, and the
reconstructed file

Usage-aware executable
tests for internal logic and
cross-file integration

SWE Atlas Repository-
Level
Engineering

284 tasks S3 56–58 tool calls
(means; official
mini-SWE-agent
rollouts)

Repository context and
runtime behavior jointly
constrain Q&A,
test-writing, or
refactoring outputs

Repository, retrieved
context, working tree, and
test state

Programmatic checks plus
task-specific rubric-based
LLM judging
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Table 7: Complete inventory of 64 long-horizon agent benchmark entries (continued).

Benchmark Domain Scale Type Per-task extent Coupling Persistent state Correctness signal

Software engineering and terminal work (continued)
Program
Bench

Program Re-
construction

200 tasks B5 6 h / 1,000 steps
(maximum; official
evaluation budget)

Observed behavior must
be reconstructed across
dependent modules

Generated repository,
module interfaces, build,
and execution state

Fuzzed end-to-end
behavioral tests against
reference executables

NL2Repo-
Bench

Repository
Generation

104 tasks S3 86.0 tool calls
(mean;
Claude-Sonnet-
4.5/OpenHands
official rollout)

Natural-language
requirements constrain
interacting repository
components

Generated files, interfaces,
dependencies, build, and
tests

Repository build and
task-specific tests

RepoGenesis Microservice
Generation

30 eval / 76
train reposi-
tories

B1–4 5 iterations
(MetaGPT) / 100
chat rounds
(MS-Agent),
maximum

README requirements
couple service design,
APIs, and implementation

Generated services, API
schema, dependencies,
and deployment artifacts

API and executable
integration checks

SWE-EVO Software
Evolution

48 tasks B4 100 iterations/calls
(maximum; official
evaluation budget)

High-level release
requirements couple
coordinated multi-file
changes with regression
preservation

Pre-release codebase,
agent patch,
dependencies, build state,
and test results

Executable tests after
each evolution stage

SWE-CI Continuous
Integration

100 tasks B2 20 turns
(maximum; official
evaluation budget)

CI feedback drives
successive maintenance
decisions

Repository, workflow
configuration, CI logs,
and test state

CI jobs and executable
test outcomes

SWE-
Milestone

Continuous
Evolution

98 graded
milestones

T5 1–3 days (average
human-estimated
development time
per milestone)

Milestone requirements
and prior edits constrain
later stages

Persistent repository,
milestone artifacts,
commits, and tests

FAIL_TO_PASS and
PASS_TO_PASS tests at
each milestone

Roadmap
Bench

Version
Upgrades

115 tasks S4 134 agent steps
(fleet mean across
official evaluations)

A multi-target roadmap
jointly constrains
coordinated cross-file
changes from source to
target version

Repository versions,
dependencies, migration
state, and tests

Subtask-level executable
tests against
target-version behavior

SWE-Chain Release-
Level
Upgrades

155 version
transitions

S5 1,057–2,008 tool
calls (per-chain
means across
official agents)

Chained package
upgrades make each
release depend on prior
changes

Package repository,
dependency versions,
release state, and tests

Build and test checks
after chained releases

ChainSWE Multi-Bug
Maintenance

304 bug
instances
(100
chains)

B3–4 30 min / 100 turns
(maximum per bug
instance)

Bug fixes interact through
a shared evolving
codebase

Persistent repository, prior
fixes, issue state, and test
results

Per-bug and final-chain
executable tests

TEBench Test
Evolution

314 tasks B3 30 min (maximum;
official
coding-agent
runner timeout)

Stale, breaking, or
missing tests depend on
source evolution

Updated production code,
evolving test suite,
generated test patch, and
test results

Developer-ground-truth
affected-test labels; test
executability,
coverage-overlap, and
patch-similarity checks

Terminal-
Bench 2.0

Terminal /
Systems

89 tasks T4–5 Expert median
bucket 1 h–1 day
(74 timed tasks)

Commands, debugging,
builds, and artifacts
depend on prior state

Filesystem, packages,
processes, artifacts, and
logs

Task-specific executable
tests in isolated containers

LongCLI-
Bench

CLI
Programming

20 tasks T5 1,000+ min (mean;
expert time)

Long command-line
implementation
sequences reuse prior
artifacts

Filesystem, source, shell,
processes, build state, and
logs

Step-level and final
executable checks

BuildBench Software
Build

148 test
reposito-
ries

S1 6.6 error-resolution
attempts (mean;
official agent
rollout)

Dependency and build
commands create
prerequisites for later
stages

Source tree, dependencies,
build artifacts,
environment, and logs

Strict and flexible
build-success checks

DI-BENCH Dependency
Inference

581 reposi-
tories

T3 20 min (maximum;
official human
study on 40
repositories)

Dependency choices
constrain installation and
repository execution

Manifests, lockfiles,
repository, environment,
and test state

Dependency matching,
installation, and execution
checks

CI-Repair-
Bench

CI Repair 567 tasks S2 28.4 LLM API
calls/task (derived
mean; GPT-5-mini
official agent
pipeline)

Code, workflow,
environment, and
dependency artifacts are
jointly constrained by full
CI re-execution

Repository, workflow
files, CI logs, patches, and
test state

CI workflow and test
reruns

CLI-Tool-
Bench

CLI Tool
Generation

100 reposi-
tories

S3 48.68 steps (mean;
best official Kimi-
k2.5/Mini-SWE
rollout)

Specification,
implementation,
packaging, and invocation
are coupled

Generated repository,
package metadata, build
artifacts, and
sandbox-visible
file/system state

Black-box
command-execution tests

SWE-
InfraBench

Infrastructure
Code

100 tasks B1 1–2 LLM turns
(official one-turn
and two-turn solver
configurations)

Infrastructure changes
couple resources,
configuration, and
dependencies

AWS CDK repository,
resource definitions,
dependency graph, and
test state

Provided tests over
synthesized
CloudFormation
templates

44



Table 7: Complete inventory of 64 long-horizon agent benchmark entries (continued).

Benchmark Domain Scale Type Per-task extent Coupling Persistent state Correctness signal

Software engineering and terminal work (continued)
FrontierSWE Frontier

Technical
Work

17 tasks B5 20 h/task (protocol
budget)

Open-ended technical
requirements couple
implementation with
task-specific functional,
research, or performance
objectives

Task workspace,
source/checkpoints,
experimental variants, and
build/benchmark results

Task-specific functional
and performance checks;
correctness and anti-cheat
gates

PostTrain
Bench

AI R&D /
Post-training

28 task con-
figurations

B5 10 h on one H100/
configuration
(protocol budget)

Data preparation, training,
evaluation, and tuning
loops

Training data,
scripts/configs,
checkpoints, logs, and
evaluation results

Held-out
target-benchmark
evaluation; LLM judge
for contamination and
model substitution

Tool, API, app, and workplace workflows
ToolBench Tool/API Use 1,200 test

instruc-
tions

NR NR In multi-tool scenarios,
later API calls depend on
earlier outputs and
argument choices

Call history, API outputs,
selected tools, and
intermediate results

LLM-based ToolEval
task-success and
pairwise-preference
judgments over action
sequences

BFCL Function
Calling

5,551
question–
function–
answer
pairs

NR NR In multi-turn/multi-step
subsets, later calls depend
on prior outputs, user
turns, and backend state

Backend API state,
conversation history,
available functions, and
tool responses

Executable function-call
and structured-match
checks

AppWorld App/API
Workflows

750 tasks S3 42.5 calls (mean;
Test-N) / 46.8
(mean; Test-C)

Dependent API calls
across multiple apps

Application databases,
stateful execution-shell
variables/results, and
simulated date/time

State-based unit tests,
including
collateral-damage checks

WorkArena Enterprise
Web
Workflows

19,912
instances

S2 13.7 oracle actions
(derived weighted
mean from official
task-type statistics)

ServiceNow navigation
and form/list operations
are coupled by evolving
page and record state

Browser session,
ServiceNow records,
forms, and task state

Task-specific final-record
and interface-state
evaluators

OfficeBench Office
Automation

300 tasks B3 50 steps
(maximum; official
evaluation budget)

Cross-application
document operations
reuse intermediate
artifacts

Filesystem, office
documents, emails,
calendar events, and
application state

Exact-match,
fuzzy-match, and
execution-based task
checks

Odyssey
Bench

Office
Application
Workflows

602 tasks S1–2 Majority require
3–15 execution
turns

Long interaction histories
constrain multi-step
reasoning and actions
across office applications

Multi-day dialogue
history, filesystem,
documents, emails, and
calendar events

Exact, fuzzy, and
execution-based checks
over the saved final
filesystem

TheAgent
Company

Workplace
Simulation

175 tasks S2 27.2 steps (mean;
best official
Gemini-2.5-
Pro/OpenHands
rollout)

Browsing, coding,
communication, and
coworker interactions
share subgoals

Organizational services,
artifacts, messages, and
coworker state

Deterministic or
LLM-based result checks;
subcheckpoint checks for
partial credit

Constraint-heavy planning and scientific work
Travel
Planner

Travel
Planning

1,225
queries

T3 About 12 min
(mean; human
annotation)

Itinerary choices share
budget, temporal, route,
and preference constraints

Static sandbox database,
Notebook contents,
constraints, and selected
travel records

Rule-based checks over
explicit and
commonsense constraints

NATURAL
PLAN

Natural-
Language
Planning

3,600 tasks NR NR Temporal, availability,
and ordering constraints
jointly determine the final
plan

N/A (one-shot planning
from static tool outputs
and constraints)

Parsed-plan exact match
against the golden plan

Deep
Planning

Travel/
Shopping
Planning

360 cases B5 400 tool calls
(maximum; official
evaluation budget)

Information gathering,
local choices, and global
constraints interact

Sandbox data, tool results,
constraints, and partial
plan

Code-based checks over
parsed itinerary
constraints; ground-truth
cart-item matching

MinePlanner Symbolic
World
Planning

45 tasks S3 42 human-solution
actions (derived
median over 45
tasks); range
3–1,268

PDDL action
preconditions and
resource dependencies
constrain ordering

Symbolic world,
inventory, object relations,
and goal state

Plan executability and
goal-predicate satisfaction

Robotouille Asyn-
chronous
Planning

300 tasks S2–3 10–82 optimal
steps (reported 20
single-agent task
types)

Real delays and
interruptions require
interleaved dependent
subplans

Objects, cooking state,
timers, action queue, and
subtask progress

Simulator goal-state and
timing checks

ALE-Bench Algorithm
Engineering

40 full / 10
lite

B4 Contest-window
median 4 h; agent
cap 4 h/problem

Propose → implement →
run → score/error
feedback → refine

Current/best code, scores,
feedback, and execution
logs

Continuous problem score
and normalized
performance
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C Domain-Term Word Cloud
Figure 8 provides a domain-term cloud derived from the titles of the 201 works cited in this survey.
Closely related title variants are consolidated into normalized multiword concepts, and each concept is
counted at most once per cited title. Font size is proportional to this title-level document frequency; colors
are used only for visual separation and do not encode categories or importance.
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Figure 8: Domain-term cloud of normalized multiword concepts in the titles of the 201 works cited in this survey.
Font size is proportional to the number of cited titles matched to each concept.
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