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With the rapid advancement of LLM capabilities, expectations for AI agents are shifting from solving
simple, single-turn tasks toward carrying out long-horizon tasks in the real world. We refer to such systems
as long-horizon agents: agents that plan over extended horizons, interact with real-world environments,
recover from their own mistakes, and adapt their strategies during execution. This capability is rapidly
becoming the central bottleneck for practical agent intelligence. Despite this progress, the field still lacks
a shared definition and taxonomy for long-horizon agents. Related concepts such as “self-evolving” or
“autonomous” agents are often used interchangeably, none of which clearly captures what it means to build
a long-horizon agent. This gap leaves the community without a principled way to attribute advances in
long-horizon competence.

This paper offers a unified landscape by framing long-horizon agency as the co-evolution of an externalized
harness and an internalized optimization, and organizes the paper around six connected perspectives:
Foundation, Evolution, Harness, Optimization, Application, and Frontier. We first formalize long-horizon
agency as a harness-coupled decision process and distinguish it from neighboring concepts such as long-
running execution, autonomy, and self-evolution. We then trace the field’s evolution from prompt-level
control to runtime agent systems, classifying existing work through the complementary lenses of externalized
harnesses and internalized optimization. Building on this view, we organize five application forms of
long-horizon agents by their interfaces, and review the corresponding benchmarks and resources. Finally,
we discuss key challenges and frontier directions. Looking ahead, we hope this paper serves not only as a
reference for existing work, but also as a foundation for building the next generation of capable, reliable
long-horizon agents.
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*The empirical time-horizon trend of frontier agents: the task-completion horizon has climbed from seconds to over twelve 
hours, doubling roughly every seven months (https://metr.org/time-horizons).
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Figure 1 The landscape of long-horizon agent research. This paper adopts a co-evolutionary view of long-horizon agents,
organized around externalized harness engineering (bottom) and internalized model optimization (top).

1 Introduction

Over the past few years, large language models (LLMs) have moved from single-turn chatbots to the decision-
making core of autonomous agents in software engineering [260, 747], general-purpose assistance [431], scienti�c
discovery [678], computer use [716, 885], and multimodal interaction [ 141]. These domains di�er on the
surface, but they share one decisive requirement that we call long horizon: they require persistent iteration
across reasoning, tool use, observation, and revision over many interdependent steps�from those completable
within a single context window to those that span windows, sessions, or open-ended task streams. To meet
this requirement, long-horizon agents have emerged, expanding the boundaries of agent applications through
continual, sustained interaction with real-world environments.

Long-horizon competence is now advancing rapidly and increasingly marks the practical line for delegating
productive work to agents. For instance, frontier coding agents are already able to run for hours on a single
project, occasionally close to a full day [14, 456]. Moreover, METR [286] reports that the time horizon
of advanced agentic task execution has doubled roughly every seven months over the past several years,
accelerating to about every four months for the most recent models. For example, GLM-5.1 is reported to
sustain independent execution on a single task for up to eight hours, covering planning, implementation,
testing, iterative re�nement, and �nal delivery [ 179]. Notably, this capability cannot be obtained simply by
optimizing and scaling the model's internal parameters or enlarging its context window alone; its capability
boundary also varies sharply with the external harness surrounding the model [123, 378, 468, 511]. Therefore,
the central thesis of this paper is that long-horizon agency is a system-level capability jointly shaped by two
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co-evolving components: externalized harness engineering and internalized model optimization.

Why long-horizon task execution is hard for agents. The di�culty of long-horizon task execution
does not reduce to per-step accuracy: it arises from the composition of many tightly coupled steps into a single
trajectory, rather than from any individual decision. Across the systems we organize, three representative
failure modes recur throughout long-horizon execution and structure much of the technical discussion.

ˆ Goal drift and compounding error. Over thousands of steps an agent can slowly diverge from its original
objective, and because no step is perfectly reliable, local errors accumulate along the trajectory and
eventually steer it onto a wrong reasoning path [20, 549].

ˆ Context rot and context-limit pressure. As the working context �lls, an agent tends to degrade abruptly
once it passes a certain context-utilization threshold [378, 511]; conversely, an agent that perceives its
context limit may terminate prematurely and declare partial progress a success [14].

ˆ Sparse, delayed rewards and irreversibility. Many long-horizon tasks return a reward only at the end, leaving
the agent with an extremely sparse learning signal over its intermediate decisions [808]; moreover, the
longer an agent acts, the more likely it is to take a risky, irreversible action, so monitoring its execution
safety and recoverability becomes essential.

Why long-horizon agents need a new taxonomy. Recent works have begun to clarify parts of this
landscape, but its taxonomies still exhibit two structural limitations that motivate a new one.

ˆ Limited and unsystematic coverage. Existing papers typically examine a single technical component of long-
horizon agents in isolation, such as memory [694], context engineering [425, 841], agent harnesses [468, 876],
self-evolution [165, 709], or agentic reinforcement learning [808]. Each is a genuine piece of the long-horizon
agent, but none o�ers a comprehensive account of what such an agent is, nor of how to build an e�cient
and trustworthy long-horizon agent that stays reliable across a full trajectory.

ˆ Unclear definitions and overlapping terminology. As interest in capable agents grows, the concept itself
has become broad and blurred. Related notions such as long-context, long-running, autonomous, and
self-evolving agents are routinely used interchangeably, even though each emphasizes a di�erent facet, and
reported gains entangle changes in the model, the harness, the data pipeline, and the evaluation protocol.
Most works cannot say precisely what counts as long-horizon agency or how these techniques relate, which
leaves improvements hard to attribute and hard to transfer.

These �ndings highlight the need for a uni�ed taxonomy for long-horizon agent research.

We therefore organize the long-horizon agent �eld in this paper through a co-evolutionary view (Figure 1).
Our organizing principle is that long-horizon agency is realized through the co-evolution of externalized
harness engineering and internalized model optimization, two complementary halves that together constitute a
long-horizon agent. Concretely, externalized harness engineering supplies runtime structure such as loops and
work�ows, context and memory, tools, orchestration, hooks and middleware, and veri�cation; internalized model
optimization improves the agent policy through architecture, data, environments, �ne-tuning, reinforcement
learning, and self-evolution. Neither half is su�cient on its own; long-horizon agency emerges only through
their co-evolution, as harness mechanisms are gradually internalized into the policy and a stronger policy in
turn unlocks more advanced harnesses.

Building on this co-evolutionary view, this paper aims to reconcile the fragmented de�nitions, connect the
emerging trends, and articulate the foundational principles of long-horizon agents. Concretely, we organize
the discussion around the following key questions:
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Key Questions

Q1. Foundation. How should long-horizon agency be formalized, and how does it di�er from long-running
execution, autonomy, and self-evolution?

Q2. Evolution. How did the control surface widen from prompts, to context, to runtime agent systems?

Q3. Harness. How does externalized harness engineering keep long-horizon agent execution speci�able,
steerable, veri�able, and recoverable at runtime?

Q4. Optimization. How can internalized model optimization build long-horizon competence across the
agent's architectural substrate, data and environment synthesis, and full training lifecycle?

Q5. Application. What forms do long-horizon agents take across domains, and how should their long-
horizon capability be systematically evaluated?

Q6. Frontier. What open problems de�ne the next stage as horizons grow?

To address these questions, the paper follows this co-evolutionary decomposition through six connected
perspectives. Foundation formalizes the agent and separates it from adjacent concepts, while Evolution traces
how the locus of control widened from prompts to context to runtime systems. The two halves of the argument
are then treated in turn: Harness studies how long-horizon capability is externalized into a runtime layer,
and Optimization studies how it is internalized into the policy. Finally, Application shows how the same
long-horizon pressures recur across domains and how such systems are evaluated, and Frontier identi�es what
remains open. Crucially, these two halves are not independent: capability continually migrates between them,
so throughout we treat externalized harness engineering and internalized model optimization as coupled rather
than as separate tracks.

Contributions and Roadmap. This paper makes the following contributions, each answering one of the
key questions and mapping to one part of the paper. Figure 2 presents an overview of our taxonomy.

1. Foundation (Section 2). We formalize long-horizon agency as a coupled model�harness decision process
and organize its di�culty into three nested task levels (H1�H3) with matching capabilities (C1�C3):
intra-context reasoning, cross-context memory, and cross-task experience. Building on METR's data, we
note that the frontier time horizon is scaling with an accelerating doubling time. We further separate
long-horizon agency from long-running execution, autonomy, and self-evolution, giving the �eld a shared
vocabulary for attributing where long-horizon competence comes from.

2. Evolution (Section 3). We trace how the control surface migrated from prompts, to context, to runtime
systems, framing today's long-horizon agents as the current endpoint of a capability-driven trajectory and
clarifying why control �rst moved outward before it could be internalized.

3. Harness (Section 4). We organize externalized harness engineering by component: loops and work�ows,
context and memory, tools, MCP, and skills, orchestration and multi-agent control, hooks and middleware,
and veri�cation. Together these components show how a runtime layer keeps long execution speci�able,
steerable, veri�able, and recoverable.

4. Optimization (Section 5). We organize internalized model optimization along the pipeline, from the
architectural substrate and data and environment synthesis to agentic pre/mid-training, �ne-tuning,
reinforcement learning with long-horizon credit assignment, on-policy distillation, and self-evolution, tracing
how capabilities �rst sca�olded through externalized harness engineering are progressively internalized
into the policy.

5. Application (Section 6). Organized by the agent�environment interface, we map long-horizon pressures
across software engineering, information seeking, computer use, multimodal agents, and general-purpose
agents, revealing a common long-horizon core beneath surface-level domain di�erences, and consolidate
horizon-aware evaluation resources.

6. Frontier (Section 7). We organize open problems into four axes, namely evolution, e�ectiveness, e�ciency,
and trustworthiness, spanning nine concrete directions that range from self-evolving and transferable
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harnesses, to real-world environments and error robustness, to cost- and modality-aware e�ciency, and to
safety, governance, and embodiment, marking what must be solved as horizons keep growing.

Taken together, these contributions serve three purposes: a clear de�nition of long-horizon agency; a high-
quality taxonomy (Figure 2) built around the paper's six perspectives; and a roadmap sketching the directions
toward capable long-horizon agents. Beyond organizing existing work, this co-evolutionary view also o�ers a
vantage point for reasoning about how the balance between externalized harness and internalized optimization
may shift as horizons grow, and thus for anticipating the frontier forms that long-horizon agents may take.

Scope and Boundaries. We delimit our scope along four boundaries. (1) This is not a general investigation
of LLM agents, memory, or reinforcement learning: we treat memory, reinforcement learning, and self-evolution
through the co-evolution of externalized harness engineering and internalized model optimization, and only as
they bear on long-horizon competence. (2) We exclude general ML platform infrastructure (e.g., container
orchestration, GPU-cluster scheduling), and consider inference and decoding only where they materially a�ect
long-trajectory execution. (3) We address model-architecture internals only for their e�ect on horizon, i.e.,
making long trajectories representable, trainable, and a�ordable to decode, while still treating reasoning
and long-context modeling as foundational capabilities. (4) We draw on o�cial documentation, open-source
implementations, and emerging speci�cations alongside indexed academic publications, prioritizing documented
engineering practice.

2 Foundation: Formalizing Long-Horizon Agents

Overview. Section 1 positioned long-horizon agency as a system-level capability, jointly shaped by the
internalized model optimization and the externalized harness engineering that surrounds it. This section
makes that claim precise and lays the conceptual groundwork for the rest of the paper, organized around four
questions that follow the section's structure:

ˆ What is a long-horizon agent? (Section 2.1) We de�ne it by the coupled logical dependencies of a task rather
than by elapsed time, and cast the agent as a base policy coupled to a surrounding harness, so long-horizon
agency becomes a property of the model�harness system rather than of the foundation model alone.

ˆ How does its difficulty decompose? (Section 2.2) We use how far execution stretches beyond one working
context as an observable proxy for the underlying dependency burden, giving three nested levels (H1�H3)
and their capabilities (C1�C3).

ˆ How fast is the frontier moving? (Section 2.3) We quantify the rising time horizon of frontier agents as an
empirical scaling trend and compare its full-period and recent-window doubling times.

ˆ How does it differ from neighboring notions? (Section 2.4) We separate long-horizon agency from long-running
execution, autonomy, and self-evolution, showing that it integrates these rather than reducing to any one.

2.1 Definition

We begin with the two objects of study: the task and the agent that seeks to complete it. As introduced in
Section 1, we characterize long-horizon agency not by elapsed time or token count, but by the coupled logical
dependencies that distribute a task across many interdependent steps. It is this chain of decisions, together
with the interaction it entails, rather than duration alone, that determines the length of the horizon.

Long-horizon Tasks. A long-horizon task is a goal that may be under-speci�ed at the outset and may
require progressive clari�cation during solving, and whose solution path admits many possibilities and typically
couples several complex subtasks together. As a result, it cannot be answered by a single-turn response in
isolation, but only by composing many interdependent decisions into a single coherent trajectory [286, 811].
Concretely, a long-horizon task requires the agent to reason over many steps while interacting with the
environment and, where relevant, the user: it progressively narrows down the solution path and continually
tests and revises its reasoning direction until the goal is reached. Such a task may run from minutes to days
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Context & Memory MemGPT [464], MemoryBank [874], MemoryOS [267], ReSum [693], MemAgent [778]

Tools, MCP & Skills Toolformer [523], Gorilla [471], BFCL [472], ToolLLM [492], MCP [100], CodeAct [656]

Orchestration MetaGPT [219], ChatDev [485], CAMEL [314], AutoGen [692], LangGraph [291], A2A [97]

Hooks & Middleware Claude Code hooks [11], Codex hooks [454], LangChain middleware [294], ShieldAgent [80]
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Data & Environments
Synthesis

WebShaper [590], SWE-Gym [467], SWE-smith [748], TOUCAN [737], EnvScaler [555]

Pre/Mid-Training DeepSeek-V3 [110], Qwen3 [601], Qwen3-Coder [46], GLM-4.5 [178], Kimi K2 [597], OPUS [649]

Fine-Tuning AgentTuning [794], CodeActInstruct [656], ToolACE [385], WebDancer [689], Toucan [737]

Agent Reinforcement
Learning

GRPO [533], ToolRL [487], RAGEN [672], Search-R1 [261], Tool-R1 [834], ARPO [130]

On-Policy Distillation GKD [3], Zephyr [616], SCoRe [412], MiniLLM [189], MAD-OPD [635], Vision-OPD [788]

Self-Evolution ExpeL [853], AgentEvolver [799], Absolute Zero [854], ADAS [225], DGM [814]
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Software Engineering SWE-agent [747], AutoCodeRover [843], OpenHands [657], Agentless [703], SWE-bench [260]

Information Seeking Search-o1 [336], WebSeer [207], ReSeek [332], FlowSearch [227], WebThinker [337]

Computer Use WebArena [885], Mind2Web [116], OSWorld [716], UI-TARS [494], AndroidWorld [508]

Multimodal Agents VideoAgent [655], DvD [829], VideoSeek [365], Agent-Omni [364], OmniGAIA [339]

General-Purpose
Agents

Magentic-One [157], AutoGen [692], AgentBench [387], � -bench [762], GAIA [431]

Benchmarks & Resources MLE-bench [51], PaperBench [560], OctoBench [123], Terminal-Bench [428], METR [286]
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Evolution DGM [814], ADAS [225], AgentSpawn [101], EvoRoute [810], AlphaEvolve [448], R-Zero [233]

E�ectiveness WebArena [885], OSWorld [716], TheAgentCompany [722], EnvScaler [555], OpenVLA [277]

E�ciency FrugalGPT [62], RouteLLM [451], s1 [442], BAGEN [370], VideoAgent [655], Trae Agent [169]

Trustworthiness AgentHarm [8], OWASP [463], ST-WebAgentBench [303], SayCan [243], ToolSafe [440]

Figure 2 A taxonomy of long-horizon agent research. The paper is structured according to this taxonomy, progressing from
Evolution (Section 3) through Harnesses (Section 4), Optimization (Section 5), and Applications (Section 6), to open
Frontiers (Section 7). Each leaf lists representative works or systems discussed in the corresponding part of the paper.
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and may �t within one context window or stretch far beyond it; its de�ning feature is not duration itself but
this sustained, feedback-driven dependence among steps and the continual interaction required to manage it.

Long-horizon Agents. A long-horizon agent is a system designed to solve such tasks in an environment
with state, feedback, and side e�ects [640]. Although the stated intent may be simple, successful execution
requires resolving a large and tightly coupled chain of logical dependencies. Unlike a single-turn responder, it
does not produce one answer and stop; instead, it must sustain reasoning through repeated cycles of planning,
action, observation, and revision, progressively clarifying an under-speci�ed goal as the trajectory unfolds.
As argued in Section 1, this competence is not a property of the foundation model alone. It arises from the
joint design of an externalized harness engineering, which supplies runtime structure such as tools, memory,
orchestration, and checks, and an internalized model optimization process, which improves the policy through
data, training, and experience.

Formalization: Long-Horizon Agent

We model a long-horizon agent as a foundation-model base policy� � coupled to a surrounding structure
H that closes the loop around it:

Agent = � � � H (1)

Here � � proposes actions, whileH comprises the loops and work�ows, system prompts, tools and skills,
context and memory, orchestration logic, hooks, and veri�cation mechanisms that govern when the model
is invoked, how its actions are validated and executed, and what state persists across steps. The operator
� denotes runtime coupling rather than simple addition: H closes the action�observation�memory loop
around � � , so long-horizon agency is a property of the coupled system and its training, not of� � alone.
Equation (1) describes the deployed coupling that produces long-horizon behavior at run time; how it
evolves over time, as� � internalizes competence through training and the system accumulates experience,
is the co-evolving recipe we develop in Section 5 and Section 3. We refer to these two halves as Pillar I,
the externalized harness H (Section 4), and Pillar II, the internalized optimization of � � (Section 5).

The Long-horizon Agent�Environment Loop. Since a long-horizon agent makes progress precisely
by interacting with its environment step after step, its execution is most naturally described as a continual
loop in which it acts, observes the consequences, and updates its state before acting again. Following the
standard LLM-based agent formulation [228, 640, 761], we place the coupled system in an environment. Let
S be an environment state space,O an observation space, andA an action space. The environment evolves
by a transition kernel st+1 � 	( � j st ; at ) and emits observations through an observation kernelot � Z ( � j st ),
which is partial and in general stochastic. We distinguish the base policy� � from the agent policy � = � � � H
that the harness closes around it: at each step the harness assembles a contextual signalct and the base
policy acts on it,

ct = H(o 0:t ; a0:t�1 ; Q) ; a t � � � ( � j c t );

where Q is the task speci�cation and ct is the contextual signal that the harness assembles at stept from
the interaction history: the prompt window with retrieved memories, prior tool outputs, reasoning traces,
and other state. Execution induces a trajectory� = ( s0; o0; a0; s1; o1; a1; : : : ; sT ) that runs until termination,
i.e. until the �rst step T = minft : st 2 Sterm g at which the state enters a terminal set Sterm (the goal is
reached, a budget is exhausted, or the agent halts). Becauseot is only a partial view of st and ct is a lossy
summary of history, the coupled system is naturally modeled, following standard POMDP formulations for
sequential decision making under partial observability [264], as a partially observable Markov decision process
(POMDP). Much of what H does is the machinery of acting under partial observability. The task assigns each
trajectory a utility R(� ) 2 R, typically sparse and delayed and often revealed only atT, so that credit for the
intermediate decisions that actually drive success or failure must be inferred from a single terminal signal.
This is the long-horizon credit-assignment problem that is central to reinforcement learning methods [579].
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Figure 3 Three levels of long-horizon tasks and the capabilities they demand. As the required horizon widens from intra-
context tasks (H1), to cross-context tasks (H2), to cross-task streams (H3), the agent must add intra-context interactive
reasoning (C1), cross-context state and memory (C2), and cross-task experience accumulation (C3) capabilities.

2.2 Three Levels of Long-Horizon Tasks and Capabilities

Although the notion of a long-horizon agent is by now widely used, it remains conceptually vague, and
prior work still lacks a principled way to partition long-horizon competence into distinct levels. Building on
the de�nition above, we organize long-horizon tasks by an operational axis: how far execution must stretch
beyond a single working context, ranging from intra-context tasks completable within one window (H1), to
cross-context tasks that span windows or sessions (H2), to cross-task streams in which an overarching goal
unfolds over many episodes (H3). This axis is a proxy for, rather than the de�nition of, logical dependency:
a context boundary matters when coupled decisions and task state must survive it, whereas a long but
decomposable batch process need not be long-horizon. The proxy is useful because no step is perfectly reliable
and errors compound along the dependency graph, so trajectory-level reliability rather than per-step accuracy
governs success [286]. It yields three nested operational levels of increasing reach [14, 228], and we pair each
level with the capability an agent needs to succeed at it (Figure 3). Because every level adds a new failure
mode on top of the one below, the corresponding demands accumulate. The time ranges below are therefore
descriptive of current systems, not de�nitional thresholds.

Three Levels of Long-Horizon Tasks (H1 � H2 � H3)

H1 � Intra-context, within one window (�minutes).
A single task can be completed within one working context window, yet it is far from a one-shot query: it
requires composing many interdependent decisions into one coherent trajectory, with repeated interaction
with the environment and, where relevant, the user to test and revise the reasoning direction until the
goal is reached [286, 544].

H2 � Cross-context, across windows/sessions (�hours to days).
A single task far exceeds one context window or session and must be carried across multiple context
windows or by several agents working in concert. The agent(s) must therefore actively compress and
externalize historical context, track interaction state in real time, and resume progress without assuming
that the full history remains visible at every step [14, 378, 511].

H3 � Cross-task, open-ended task stream (�lifelong).
Tasks arrive as an open-ended stream rather than a closed episode. A single overarching goal may
therefore span many tasks, each of which may itself require multiple context windows to complete. In
deployment, such settings often demand persistent, and sometimes lifelong, operation across heterogeneous
environments, tools, and sessions [165, 228, 580, 808].
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