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Abstract

This paper studies the next major bottleneck in agentic AI as system scaling, not
only model scaling: the design of auditable, persistent, modular, and verifiable
architectures around foundation models. Recent progress in large language models
(LLMs) has enabled agents that use tools, retrieve information, maintain memory,
and execute long-horizon workflows, yet evaluation of these agents remains largely
model-centric, reducing them to final-task success or benchmark accuracy while
treating memory, retrieval, tool use, orchestration, verification and governance, and
deployment cost as secondary implementation details. This framing is increasingly
inadequate: agent performance emerges from the interaction among the foundation
model, memory substrate, context constructor, skill-routing layer that dispatches
tools and subagents, orchestration loop, and verification-and-governance layer. We
highlight the harness engineering and systems turn in agentic AI around three
core bottlenecks, context governance, trustworthy memory, and dynamic skill
routing, along with the orchestration loop and verification-and-governance layer
that coordinate and constrain them. We further outline a research agenda for
system-scaling benchmarks that measure not only one-shot task success but also
trajectory quality, memory hygiene, context efficiency, communication fidelity,
verification cost, and safe evolution over time. Alongside the framework, we
develop and release CheetahClaws2, a Python-native reference harness, and use it
together with Claude Code and OpenClaw as concrete points of comparison that
make harness-level systems choices explicit. Our main claim is that future progress
in agentic AI will depend as much on system design as on stronger foundation
models.

∗This manuscript is under active development, and we welcome any constructive comments and suggestions at
shangding.gu@berkeley.edu.
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1 Introduction

The dominant story of recent AI progress has been model scaling: larger models, more data, stronger
post-training, and higher benchmark scores [27, 3, 11]. For agentic AI, this story is now incomplete.
Once foundation models are embedded into tools, terminals, browsers, repositories, memory stores,
and external services, their behavior is no longer determined by the model alone. It is determined by
a system: how context is constructed, how memory is retrieved, how tools are invoked, how subagents
are routed, how actions are verified, and how failures are audited.

Our key claim is therefore that agentic AI should be studied and evaluated as a system-scaling
problem, not merely as a model-scaling problem. By model scaling, we refer to improvements
in the standalone foundation model, including model size, training data, post-training, and raw
reasoning capability. By system scaling, we refer to improvements in the surrounding architecture,
including memory, context construction, skill routing across tools and subagents, orchestration, and
verification-and-governance, and how these components adapt over time. Our claim is not that model
scaling no longer matters; rather, once models reach a sufficient capability threshold, many additional
gains in long-horizon agent performance increasingly depend on how the system around the model is
designed.

Modern agentic systems already illustrate this transition. Production harnesses such as Claude
Code [7] and OpenClaw [34] couple foundation models to tools, subagents, and persistent project
memory (detailed in §3.1); research-side harnesses such as SWE-agent further show that careful
tool-schema design alone can improve benchmark accuracy substantially even with a fixed backbone
model [40]. These systems show that practical agent capability does not arise from next-token
prediction alone, but from the interaction between the foundation model and the harness that surrounds
it. The relevant object of study is therefore not simply a model plus prompt, but a structured execution
system.

This perspective is highlighted by recent empirical findings. A field-level analysis of agent bench-
marks finds that many results do not separate capability from costs, prompting strategy, and demon-
strations, and become non-Pareto-optimal once these factors are controlled [18]. Consistent with
this, redesigning the agent–computer interface alone, while holding the underlying model fixed, can
substantially improve SWE-bench accuracy [40]. Thus, what is often reported as a model score is in
fact a model-plus-harness score. Context length is another example: larger context windows do not
guarantee effective information access, because attention dilutes over long inputs [12], and models
often prefer evidence at the start or end of the context rather than in the middle [22]. Multi-agent
systems show a similar pattern: they can outperform single agents on breadth-first tasks but introduce
coordination failures that single-agent metrics miss [9, 5]; we return to this in §5.2. Realistic agent
benchmarks such as GAIA [26], τ -bench [43], and Terminal-Bench [25] further show that frontier
models struggle when evaluation moves from one-shot prompting to multi-step interaction with tools,
environments, and users. In particular, τ -bench shows that agents that look strong under single-shot
pass rates can collapse under passˆk, the probability of succeeding on k independent rollouts. This
exposes a reliability gap that endpoint accuracy hides.

These findings suggest that we need to rethink several parts of the agent system. Prompt engineer-
ing [37] remains useful for local control, but long-horizon performance increasingly depends on
reusable skills, persistent memory, disciplined context construction, and verification-aware execution.
The key issue is not only context size, but context governance: what should be retrieved, compressed,
ordered, refreshed, trusted, and kept active at each step. Memory is not merely a storage layer;
the harder problem is memory quality, including what to store, what to discard, how to retrieve
the right information at the right time, and how to avoid staleness, drift, contamination [1], and
over-generalization. Multi-agent systems are not automatically collaborative; reliable collaboration
requires explicit communication protocols and uncertainty sharing [13], which we expand on in §5.2.
Finally, the field still lacks a mature framework for agent evolution over time, including how agents
should update skills, refine memory, communicate across roles, and remain auditable as they adapt.

This paper makes three contributions. First, we develop a systems-centered framing of agentic AI in
which progress depends on system scaling, not only model scaling. Second, we propose a framework
that separates base-model reasoning from system factors including memory, context construction,
skill routing, orchestration, and verification-and-governance. Third, we outline an evaluation agenda
for agentic systems, proposing that future benchmarks should measure process-level and longitudinal
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properties such as trajectory quality, memory hygiene, context efficiency, verification cost, safe
evolution, and robustness under repeated use. Our main claim is simple: the next major bottleneck in
agentic AI is not only how powerful the model is, but how well the system around the model manages
memory, context, skill routing across tools and subagents, orchestration, verification and governance,
and adaptation. To make the discussion concrete, we develop CheetahClaws, a Python-native
reference harness, and compare it against Claude Code and OpenClaw, treating their harness-level
design choices as instances of the system-scaling variables identified by our framework.

2 Related Work

Agentic coding systems and harness engineering. Modern coding agents follow a line of work
on tool-using language models, beginning with interleaved reasoning–and–acting policies such
as ReAct [44], self-taught tool invocation [31], and verbal self-correction loops [32]. Production
systems such as Claude Code [7, 8] and Codex-style “harness engineering” [30] package these
primitives into programmable agent runtimes with tools, subagents, hooks, and persistent project
memory. A parallel research line targets software engineering specifically, including SWE-agent’s
agent–computer interface, which shows that carefully designed tool schemas can by themselves
move benchmark accuracy substantially even with a fixed backbone model [40]. Most of this work,
however, reports results at the level of individual model variants; comparatively little attention has
been paid to the harness itself as a controllable, reproducible object of study, which is the vantage we
adopt throughout this paper.

Context, memory, and retrieval. Retrieval-augmented generation [20] showed that augment-
ing parametric language models with external non-parametric memory can substantially improve
knowledge-intensive generation and question answering. And following work studies memory as
a system component, including MemGPT’s hierarchical memory management [29] and Voyager’s
growing skill library for open-ended exploration [35]. At the same time, recent analyses show that
longer context windows come with their own failure modes such as privacy drift [12], and that
agents still need calibrated uncertainty to decide when to retrieve at all [13]. These results motivate
our treatment of context, memory, and retrieval as a context-governance problem rather than as
independent capabilities.

Skills and multi-agent coordination. Reusable skills have emerged as a way to offload recurring
behavior from prompts into durable, callable components [19, 10, 35], extending earlier work on chain-
of-thought prompting [36] and prompt-pattern catalogs [37]. In parallel, multi-agent frameworks such
as AutoGen [38], MetaGPT [14], and CAMEL [21] formalize agent-to-agent communication, while
Anthropic reports substantial gains from orchestrator-plus-subagent configurations on breadth-first
research tasks [9]. Complementary work studies how population diversity [42, 45] and negotiation-
style frameworks [23] shape collective behavior, and how such agents compose into a broader “agentic
web” [41]. Our framing treats skills and delegation jointly as the skill lever and emphasizes that skill
routing under heterogeneous subagents, rather than the existence of skills or subagents, is the next
open systems bottleneck.

Benchmarks, governance, and agent evolution. A growing line of work evaluates agents as
systems through executable, multi-step benchmarks [17, 24, 46, 25], alongside broader surveys of
LLM-based agents [39] and catalogues of agentic safety threats [28]; yet single-episode success still
dominates the reported metrics, leaving memory quality, context efficiency, communication fidelity,
and safe evolution under repeated use largely unmeasured (we return to these in §5). Compared to
these lines of work, our contribution is to reframe prior developments through a systems-scaling
perspective and to make its engineering content concrete through a comparative analysis of Claude
Code, OpenClaw, and our Python-native reference harness CheetahClaws.

3 System Scaling: A Framework for Agentic AI

We use the term harness throughout this paper to refer to the deterministic substrate around a
foundation model: the tool interface, control loop, context constructor, memory store, skill-routing
mechanism, and verification-and-governance layer that together mediate between user intent, model

4



outputs, and the external environment. The harness is what model scaling does not include and what
system scaling targets.

We use system scaling to denote improvements in this harness that determine how information,
computation, authority, and verification are allocated over time. Under this view, an agent is not
simply a model with a prompt, but a system composed of six interacting components: a reasoning
substrate (R), a memory store (M), a context constructor (C), a skill-routing layer (S, which
dispatches tools and subagents), an orchestration loop (O), and a verification and governance layer
(G). Let performance over a horizon H be

PH = Φ(R,M, C,S,O,G), (1)

where R denotes base reasoning quality, M memory quality, C context-construction quality, S skill
selection and composition quality, O orchestration quality, and G governance quality. Model scaling
primarily improves R; system scaling improves M, C,S,O, and G. The main claim of this paper is
that, once models reach a sufficient capability level, long-horizon agent performance may be limited
not only by R itself, but also by the surrounding system factors. A useful further factorization is

M = (precision, durability, retrievability, verifiability), (2)
C = (relevance, compactness, traceability, refresh policy). (3)

Each factor names a system-level lever, not a hidden engineering detail. Figure 1 sketches how these
components interact: the orchestration loop O wraps a flow in which C draws from M to assemble
inputs for R, S dispatches tools and subagents, and G gates both intermediate reasoning and external
action before any verified result is written back to memory.

Status of the decomposition. Equation 1 is a conceptual organization rather than a quantitative
model: Φ has no closed form, the factors are not strictly orthogonal, and we do not claim they jointly
determine PH as a measurable equation. What we do claim is that each factor names a distinct point
of intervention, a place where engineering or research effort changes long-horizon behavior, and that
existing discussions frequently fail to distinguish between them. We choose these six axes because
each one can be changed, turned off, or measured on its own, while keeping the same foundation
model. For instance, run O in a one-shot loop, or turn G off, and the same R, C,S start to act like
noticeably different agents. Among the six, R and C are the hardest to separate (a stronger reasoning
substrate can compensate for noisier context, and vice versa), while M and G are the easiest to isolate,
since they govern writes and audit trails that exist independently of any single inference step.

Orchestration (control loop)

Memory

durable facts, 
conventions, prior
trajectories

Context
Constructor

retrieve / compose /
compact

Reasoning
Substrate

foundation model
(model-scaling axis)

Skill Router

tools, subagents,
delegation policy

Tools &
Subagents

specialized executors
(scoped permissions)

audit, permission, rollback, checks

files, repositories, services, users

Environment

Governance & Verification

User / Task

Figure 1: A six-component view of an agentic system: PH = Φ(R,M, C,S,O,G). The orchestra-
tion layer (O) wraps a control loop in which the context constructor (C) draws from durable memory
(M) and the current task to assemble inputs for the reasoning substrate (R, i.e. the foundation
model). The skill router (S) dispatches tools or subagents; their effects on the environment, together
with the model’s intermediate steps, are gated through verification and governance (G) before they
become permitted actions or verified memory write-backs. Model scaling improves R; system scaling
improves M, C,S,O, and G.
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3.1 Agent Harnesses as System Infrastructure

Modern agent harnesses such as Claude Code [7] and OpenClaw [34] are better understood as systems
infrastructures rather than simple model interfaces: their behavior depends not only on the underlying
language model, but on the surrounding tool interface, execution loop, context constructor, memory
substrate, and orchestration policy. Claude Code in particular benefits from substantial harness
engineering [30, 6]: it bundles tools for codebase navigation, file editing, and command execution;
dispatches specialized subagents with their own context windows, prompts, and permissions; and
adopts a hybrid context strategy that loads persistent project guidance up front while retrieving
information just in time through glob/grep-style tools.3 What distinguishes modern agentic coding
systems from classic code assistants is therefore not stronger token-level generation alone, but the
presence of an execution harness that supports tool use, iterative verification, and task decomposition.

These details matter because they reveal the real source of capability. The relevant stack is not
simply a base model plus prompt, but the six interacting components (R,M, C,S,O,G) introduced
in Equation 1. These are not minor implementation details. They determine what information
is available at decision time, how external actions are executed and verified, and how progress
accumulates across turns. As a result, they increasingly govern task-level performance in long-
horizon settings. Once these components are treated as first-class objects, the key research question
shifts from “How do we prompt the model better?” to “How do we allocate computation across
memory, retrieval, tools, and subagents over time?”

Table 1: Illustrative harness design patterns. The point is not to rank systems, but to show that
comparable agent primitives can be governed differently under different deployment priorities.

Systems problem Claude Code OpenClaw CheetahClaws

Implementation TypeScript TypeScript Python
Primary setting Vendor-scale coding agent Personal assistant harness Research reference harness
Context gover-
nance

Vendor-managed Channel-scoped Explicit and editable

Memory CLAUDE.md + auto-extracted
session notes + per-turn tools

Per-channel JSONL +
LanceDB vector store

User/project Markdown with
per-entry confidence and age
fields

Skill routing Curated extension boundary Integration-driven Modular
Governance Centralized control User-owned boundary Transparent and repro-

ducible

A natural skeptical view holds that, once the foundation model is held fixed, most harnesses collapse
to the same tool loop, with only superficial differences between them. We show instead that the
same core systems problems, context governance, memory trust, skill routing, and auditability, admit
substantially different solutions depending on deployment priorities. Table 1 sketches three illustrative
design points built around comparable frontier-model capabilities: Claude Code, a production-grade
vendor harness; OpenClaw, a community TypeScript harness for multi-channel personal assistance;
and CheetahClaws, a Python-native reference harness used here as an open illustrative design point.
Two observations follow. First, the three systems converge on a shared systems decomposition,
all can address context governance, memory trust, skill routing, and auditability, even though they
instantiate these levers differently, suggesting that these are intrinsic problems of agentic AI rather
than product-specific artifacts. Second, their main differences are driven less by the foundation
model than by deployment priorities: vendor-scale systems prioritize reliable use, personal-assistant
systems prioritize a gateway for multi-channel management, and research-oriented harnesses prioritize
transparency and reproducibility. The remainder of the paper makes these levers concrete: §4 expands
the three bottlenecks of context, memory, and skill, and §5 discusses how to evaluate and govern their
evolution.

Notably, only CheetahClaws stores per-entry confidence and freshness as explicit fields in its memory
representation, operationalizing the trust axes of §4.2. Claude Code and OpenClaw treat memory as
flat Markdown or vector-indexed log, with trust metadata present only implicitly in access patterns.

3See documentation at https://code.claude.com/docs/en/overview (overview), https://code.claude.com/
docs/en/sub-agents (subagents), and https://platform.claude.com/docs/en/agent-sdk/python (SDK).
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Table 2: Prompt, skill, and memory as three core axes of system scaling in long-horizon agents.

Lever Timescale Primary role Typical failure mode
Prompt Local Specify current goal, con-

straints, and style
Brittle over long horizons; poor
transfer

Skill Task-level Reusable procedure or work-
flow pattern

Wrong routing or poor compo-
sition

Memory Longitudinal Preserve durable facts and
prior experience

Drift, over-generalization, pol-
lution (durability / precision /
verifiability)

CheetahClaws is therefore not just a research illustration but the harness whose data model most
closely tracks the framework this paper proposes.

3.2 Prompt, Skill, and Memory as Temporal Layers

We interpret prompt, skill, and memory as three primary temporal axes of system scaling in agentic AI.
This view is complementary to Equation 1: skill corresponds to S and memory to M, while prompt
sits inside each per-turn output of the context constructor C; the orchestration O and verification and
governance G layers determine how the three are sequenced and verified over time. As shown in
Table 2, they operate at different temporal scales and support different forms of adaptation.

Prompt. Prompt is the short-horizon control interface. It specifies the immediate role, constraints,
and objective. Prompting is flexible and cheap, but also brittle: it does not by itself create persistence,
transfer, or reliable long-horizon structure.

Skill. A skill is a reusable execution pattern. In practice, a skill may appear as a workflow template,
a tool-use routine, a specialized subagent, or a versioned bundle of instructions and scripts. OpenAI’s
recent discussions of skills for coding agents indicate this direction: durable workflows are separated
from one-off prompts and attached to the environment as reusable components [19, 10]. Skills make
behavior more reusable, but introduce a routing problem: the agent must decide which skill to invoke,
when to switch skills, and how to compose multiple skills in one trajectory.

Memory. Memory is the longitudinal layer. It stores what should persist across turns or sessions:
project conventions, user preferences, stable facts about the environment, prior failures, and distilled
structure from earlier work. Memory is essential for repeated tasks, but it can fail along three trust
axes elaborated in Section 4.2: drift (loss of durability), over-generalization (loss of precision), and
pollution (loss of verifiability).

These three levers are complementary rather than interchangeable. Prompt controls what to do now;
skill controls how to do this class of things; memory controls what should survive over time. A
robust agent is therefore not merely well prompted. It is well prompted and appropriately skilled and
selectively grounded in durable memory.

4 Three Bottlenecks in System Scaling

We now expand three system factors from Equation 1 where model scaling alone has been least
sufficient: context construction C, memory M, and skill routing S , tightly coupled to verification and
governance G. Each subsection names four subaxes of its component, the dominant failure mode,
and the system move that addresses it; Table 3 summarizes the three.

4.1 Context Governance

The hard problem of context is not capacity, but governance. From the four axes of C in Equation 2,
an effective context assembly is jointly relevant to the current task, compact (no more than the
minimum sufficient set), traceable to its sources, and refreshed against a moving environment. Larger
windows raise the ceiling on capacity, but enforce none of these conditions.
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Table 3: Three bottlenecks of system scaling. Each subsection names four subaxes of one component,
a characteristic failure mode, and the system move that addresses it.

Component Subaxes Failure mode System move

C governance (§4.1) relevance, compactness, trace-
ability, refresh

exposure without access assembly as a policy; persis-
tent priors plus just-in-time re-
fresh

M trust (§4.2) precision, durability, retrievabil-
ity, verifiability

stale-but-confident trust re-established at retrieval;
periodic verification against
the environment

S routing (§4.3) specificity, selectivity, compos-
ability, verifiability

confident-but-unchecked adaptive routing coupled with
explicit post-condition checks

The threat we are guarding against is exposure without access: as context grows, the model sees more
tokens but does not necessarily attend to the right ones. Relevant evidence competes with low-value
padding (signal dilution [12]), task-relevant structure is buried in unorganized text, and token salience
is driven by local statistics rather than decision importance. Long context is not good context; tokens
added without governance often degrade performance rather than improve it.

The system move is to treat each turn’s context as the output of a selection policy, not a fixed buffer.
The policy should weight semantic relevance, penalize bulk against a token budget, prefer recently
validated content, and record provenance so failures can be attributed at audit time. The right systems
question is therefore not how many tokens the model can hold, but how the system constructs the
minimum sufficient context for the current subproblem.

4.2 Trustworthy Memory

The hard problem of agent memory is not storage, but trust. Matching three of the four axes of M in
Equation 2, a memory item earns trust when it is precise within a defined scope, remains durable
(its target has not silently drifted), and is verifiable against the current environment. The fourth axis,
retrievability, governs whether that trust can be used at acceptable cost, but is not itself part of trust.

The threat we are guarding against is stale-but-confident. A note that was correct at one point, say
“the data loader is defined in utils/loader.py”, can become flatly wrong after a refactor without
any change to its wording. Semantic search and reuse statistics still rank it highly, but its target
has drifted, and acting on it is now destructive (calling a deleted symbol, or reintroducing a fixed
regression). The failure mode is asymmetric: stale memory rarely prevents retrieval, but regularly
leads the agent to act confidently on invalidated assumptions.

The system move is to make trust a runtime decision, not a property of the stored item. Retrieval
should weight a staleness penalty (against the time of last verification) and a confidence-gated risk
term alongside any relevance score, and should treat the retrieved content as a hypothesis until
re-checked against the live environment. Claude Code realizes this coupling by pairing persistent
project context (CLAUDE.md) with just-in-time file navigation through built-in tools, which refreshes
each item against the live repository [2, 16, 4].4 Durable memory without periodic verification
accumulates undetected drift; environment-only search without distilled priors discards every prior
verification. Trustworthy memory keeps both: it retains accumulated verification while bounding
drift.

4.3 Dynamic Skill Routing and Verification

The hard problem of skill is not having skills, but routing and checking them. Extending the
factorization in Equation 2 to S, effective skill use requires four conditions: each skill is specific
about its capability scope, the routing policy is selective in invoking the right skill, the skill set is
composable (one skill’s post-conditions feed the next), and every skill output is verifiable against an
explicit check.

The threat we are guarding against is confident-but-unchecked: a specialized subagent can return
plausible output that no downstream layer validates. As specialized skills multiply, the failure mode

4https://claude.ai/public/artifacts/f498a4cc-4c45-481c-a6dd-8e1d196dadb0
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shifts from a missing capability to a present-but-unverified one. This is the symmetric form of
stale-but-confident memory in §4.2: both let the agent act on a claim whose truth condition was never
re-established.

The system move is to treat routing as a learned policy, not a fixed manifest, coupled with verification
at every step. Dynamic skill routing is the analogue of scheduling in operating systems: raw skill
capacity exists, but useful work depends on allocating it to the right specialized pathway at the right
time. The open research direction is to make this allocation adaptive (online estimates of subtask
type, confidence-aware escalation, mixture-style composition, and policies optimized for verified
rather than fluent intermediate outputs), and to make post-condition checking first-class next to the
skill body. In the notation of Equation 1, S and G are therefore not independent: scaling skill quality
without scaling verification produces faster but less reliable progress.

5 Toward System-Level Evaluation and Agent Evolution

5.1 From Outcome Metrics to Process Metrics

Benchmarks for agentic AI have improved rapidly, and the current generation already gets several
important things right. SWE-bench [17] demonstrated that executable, repository-level tasks can be
evaluated automatically through their own test suites, anchoring agent evaluation in real codebases
rather than synthetic problems; AgentBench [24] pushed evaluation across diverse interactive envi-
ronments rather than a single domain; WebArena [46] did the same for browser-based agents under
realistic distributions; and Terminal-Bench [25] most recently introduces hard, environment-grounded
terminal tasks with per-task verification. These benchmarks have collectively moved evaluation away
from static next-token prediction and toward multi-step execution against real artifacts, and our claim
is not that they are wrong.

What they are, however, is insufficient for system-scaled agents. As noted in §1, single-score reporting
cannot separate gains from a stronger model from gains from a better harness. The gap widens in
long-horizon and multi-agent settings, because small system choices, which files are inspected first,
which facts are retained, when tests are run, how failed actions are corrected, each compound across
a trajectory (see §5.2 for the multi-agent case). Endpoint metrics also understate cost and risk: two
agents may both solve a task while differing sharply in tokens, tool calls, retries, failed edits, human
interventions, and whether the trajectory is auditable, factors that determine latency, monetary cost,
user trust, reproducibility, and safety in deployment.

A stronger protocol should therefore report outcome metrics (whether the task was solved) jointly
with process metrics (how much context and computation were used, how the trajectory unfolded,
what was retrieved and verified, and how risk was incurred), so that the system factors in Equation 1
can be measured rather than hidden. The aim is to extend the evaluation surface that SWE-bench,
AgentBench, WebArena, and Terminal-Bench have opened up, not to replace it.

5.2 From Single Episodes to Longitudinal Evaluation

Multi-agent systems are increasingly central to agent design, but they must be analyzed carefully.
Anthropic reports that in an internal research evaluation, a lead agent plus subagents outperformed a
single-agent setup by 90.2% on breadth-first queries, and that token usage explained most of the per-
formance variance in their BrowseComp-based analysis [9]. This is striking evidence that multi-agent
architectures can buy additional useful compute through parallel context windows and decomposi-
tion. It does not, however, imply that collaboration emerges automatically: decomposition is easier
than collaboration, and the dominant failures in deployed multi-agent systems map to specification
mishandling, inter-agent misalignment, and verification gaps rather than to base-model reasoning
weakness [5]. True collaboration requires shared state, uncertainty communication, contradiction
detection, task de-duplication, and conflict resolution. The real open problem is therefore not whether
multiple agents can be wired together, but whether the communication protocol between them can be
made reliable enough for long-horizon work; handoffs, summaries, requests for clarification, and
uncertainty reports should be treated as optimized objects rather than ad hoc prompt fragments.

This points to a more general gap: most current benchmarks reset the agent between tasks, but real
agents accumulate state across sessions, conversations, and projects. They store conventions, prefer-
ences, prior failures, and reusable procedures, and the same accumulation that enables improvement
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can also produce contamination, staleness, over-generalization, and privacy leakage. A one-shot
evaluation cannot reveal whether an agent’s memory becomes more useful, more noisy, or more
dangerous over repeated use.

As Table 4 suggests, the next generation of agent benchmarks should additionally measure repeated-
use properties such as memory retrieval precision and memory hygiene, minimal-context efficiency,
communication fidelity across subagents, drift across long trajectories or sessions, verification-aware
recovery after stale memory or wrong routing, and safety under tool access and autonomous execution.
Current evaluation often measures whether an agent can finish a task, but not whether it can finish
similar tasks repeatedly while improving, staying grounded, and avoiding silent degradation; agent
quality should therefore be evaluated as a longitudinal systems property rather than a one-shot
completion score.

5.3 Standards for Safe Agent Evolution

Table 4: Benchmark dimensions for system-scaling
evaluation.

Dimension Current Future

One-shot completion Yes Yes
Repeated adaptation Limited Yes
Memory hygiene Rare Yes
Context efficiency Rare Yes
Communication fidelity Rare Yes
Session drift Rare Yes
Safe evolution No Yes

A mature agent should not only act, but evolve.
Yet the field lacks a standard for what persis-
tent adaptation should mean. What should be
allowed to change over time, memory only,
or also routing policies, skills, and collabo-
ration protocols? What should be fixed for
auditability? What counts as safe improve-
ment versus dangerous drift? The questions
are not abstract: persistent behaviors can sur-
vive subsequent training in ways that are hard
to detect from outputs alone [15], optimization
against imperfect proxies leads to characteri-
zable reward-hacking failure modes that get
worse as capability grows [33], and the OWASP catalogue of agentic threats lists memory poisoning,
identity spoofing, tool misuse, and goal manipulation as exploitable failure surfaces of evolving
agents [28]. These are exactly the failure modes a maturity standard for agent evolution would have
to control.

We therefore propose that future agent systems need an explicit agent evolution standard built around
four questions:

1. What persists? Memory, skills, preferences, and guardrails should be distinguished rather than
merged into one undifferentiated state, so that updates to one component do not silently rewrite
another.

2. What updates? Some components should adapt online; others should require review, replay, or
stronger verification before changing, especially when changes interact with tool permissions or
governance boundaries.

3. What is measured? Longitudinal improvement should be balanced against regression, drift,
recurrence of earlier failures, and the reward-hacking patterns catalogued in [33], rather than
being inferred from a single rolling success rate.

4. What is auditable? Memory writes, routing changes, tool permissions, and collaboration
failures should leave inspectable traces, a precondition for evaluating persistent risks of the kind
documented in [15, 28].

Without such standards, many so-called learning agents risk becoming opaque accumulations of
prompts, notes, and heuristics rather than reliable adaptive systems.

6 Discussion: Alternative Views and Limitations

The system-scaling claim is incomplete without an honest engagement with the views it stands against.
We discuss three objections.

Objection 1: Stronger models will eventually solve system problems. One objection is that
system scaling is a temporary concern: as foundation models become stronger, they may learn to
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manage context, memory, tools, and verification internally, without an explicit harness. We agree that
model scaling will continue to improve agent behavior. However, many failures in deployed agents
are not failures of next-token prediction alone. Stale memory, over-broad tool permissions, missing
provenance, unverified retrieval, and unsafe action execution are system failures. A stronger model
may reduce their frequency, but it does not remove the need for explicit mechanisms that govern
what information is exposed, which actions are authorized, and how failures are traced. Whatever the
model’s capability, an agent that can act on the world requires a system around it that decides what
actions are permitted and how they are verified.

Objection 2: End-to-end training will replace modular systems. A second view is that future
agents should be trained end-to-end, making explicit system components unnecessary. End-to-end
training may improve coordination across components, but deployed agents still require modular
boundaries. They operate over private files, credentials, tools, repositories, browsers, and external
services. In these settings, auditability, permission control, rollback, and provenance are not optional.
Modularity is therefore not only an engineering convenience; it is a requirement for safe and
governable deployment, and an end-to-end policy still has to act through the same permission,
verification, and audit surfaces we describe.

Objection 3: System-level evaluation is too expensive or environment-specific. System-level
evaluation is indeed more expensive than static prompting benchmarks, and trace-level metrics are
harder to standardize than endpoint accuracy. However, this is precisely why it is needed. Agents
are deployed in environments where cost, latency, tool risk, memory drift, and verification overhead
determine whether the system is usable. Evaluation protocols should expose these factors rather than
abstract them away. The goal is not to replace simple benchmarks, but to complement them with
measurements that reflect real agent operation.

7 Conclusion

Agentic AI is moving from isolated model inference to persistent system execution. As models
are embedded into tools, memory stores, repositories, browsers, subagents, and external services,
their behavior is increasingly shaped by the architecture around them. This paper has shown that
future progress therefore requires system scaling: improving how agents construct context, maintain
trustworthy memory, route skills, verify actions, govern tools, communicate across roles, and evolve
over time. Claude Code, OpenClaw, and CheetahClaws illustrate that comparable models projected
onto different harnesses produce qualitatively different agents, and that the harness, not the model
alone, is now a primary source of practical capability.

This does not diminish model scaling. Stronger foundation models remain essential, but model
capability alone is no longer a sufficient unit of analysis for long-horizon agents. A mature science of
agentic AI must study the full execution system: what it remembers, what it retrieves, what it exposes
to the model, what actions it permits, what it verifies, and what it leaves auditable. Future benchmarks
should therefore treat memory, context, skill routing across tools and subagents, orchestration, and
verification-and-governance as first-class objects of design and evaluation, rather than measuring only
one-shot success.
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