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Quick Answer: The longer an Al agent runs autonomously, the less you should trust its outputs.
Research shows detectable behavioral drift after a median of 73 interactions, with a 42% drop in
task success rates for drifted agents. Context windows fill with stale information, safety
instructions get silently dropped during compaction, and small errors in hour 2 become load-
bearing assumptions by hour 40. The agent doesn't know it's degrading. It maintains the same
confidence throughout. Treat agent trust like a budget that depletes over time: fresh agent =
high trust, 7-day agent = spot-checks required, 30-day agent = mandatory audit. Reset context
strategically, prune memory aggressively, and re-inject core objectives on a schedule.

=] Related: Context Rot and the Forgetting Fix - Intent Engineering for Al Agents - Building Al
Agents with Local LLMs - Context Length Explained - Planning Tool

Your Al agent works great on Monday. By Wednesday it's making subtle mistakes. By the
following Monday it's confidently wrong about things it handled perfectly twelve days ago.

You haven't changed anything. Same model, same system prompt, same tools. But the agent’s
context window is now packed with twelve days of accumulated decisions, observations,
corrections, and dead ends. Some of those early observations are outdated. Some are wrong.
The agent doesn’t know which ones. It treats everything in its context with equal weight,
including the bad assumptions from day 2 that are now the foundation for every decision it
makes.

This pattern has a name now: trust decay. And almost nobody is measuring it.

What trust decay looks like

Trust decay doesn’'t announce itself. It's not a crash or an error message. It's a slow, invisible
slide from reliable to unreliable, and the agent’s confidence never wavers.

Days 1-3: Agent performs well. Follows instructions precisely. Outputs are accurate. You start to
relax. You check its work less often.
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Days 4-7: Small inconsistencies appear. The agent occasionally contradicts something it said
earlier. It makes a recommendation that'’s slightly off. You correct it, it apologizes, and you move
on. These look like one-off mistakes.

Days 7-14: The agent starts acting on assumptions you didn’t give it. It skips steps it used to
follow. Its explanations become subtly circular, justifying decisions based on its own prior
outputs rather than ground truth. If you're not comparing against day-1 behavior, you won't
notice.

Days 14+: The agent is now confidently wrong about things it once handled correctly. It has built
a layered structure of decisions on top of early mistakes. Correcting one error reveals three more
underneath it. A full reset would be faster than debugging.

The most dangerous part: the agent’s tone never changes. It sounds exactly as confident at day
14 as it did at day 1. There’s no hesitation, no self-doubt, no “I'm less certain about this one.” You
have to externally track that the system is degrading, because the system won't tell you.

Why it happens
Trust decay has multiple causes, and they feed each other.

Context window pollution

Every interaction adds tokens to the agent’s context. After hundreds of exchanges, the context is
packed with outdated observations, resolved issues, abandoned approaches, and corrections to
earlier mistakes. The model can’t distinguish “this was true on Tuesday but isn't anymore” from
“this is a permanent fact.” It treats all context as equally valid.

Research confirms this is architectural, not just practical. A 2023 Stanford/Meta paper (“Lost in
the Middle” by Liu et al.) demonstrated a U-shaped performance curve: models handle
information at the beginning or end of context well, but accuracy drops 30%+ when relevant
information is buried in the middle. A 2025 study (Du et al., arXiv 2510.05381) went further,
showing that context length itself degrades reasoning by 14-85% even when retrieval is perfect.
The model doesn't just lose information. It gets worse at thinking as context grows.

Chroma Research formalized this as “context rot” in July 2025, testing 18 models across
Anthropic, OpenAl, Google, and Alibaba. Their finding: “Models do not use their context
uniformly; performance grows increasingly unreliable as input length grows.” One
counterintuitive result: models performed better on shuffled haystacks than logically structured
ones. Coherent narrative flow in long contexts may actually disrupt attention.
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Memory without forgetting

Agents that remember everything remember too much. OpenClaw loads its entire memory stack
on every API call: soul file, user identity, memory files, workspace config, and session history. A
fresh install starts at ~50KB of context. After weeks of use, that hits T00KB+ before you've typed
a word.

The agent hasn't forgotten anything. That's the problem. It remembers things that are no longer
true, approaches that were tried and abandoned, corrections that are now corrections of
corrections. There's no decay function, no relevance weighting. Nothing marks a fact as stale.

Human memory works because it forgets. We lose irrelevant details and retain patterns. Agent
memory preserves every detail and loses the patterns.

Drift from original intent

This one is harder to spot. The agent’s behavior shifts gradually, through a sequence of small,
locally-reasonable optimizations that collectively push it away from its original purpose.

A January 2026 paper by Abhishek Rath (“Agent Drift,” arXiv 2601.04170) quantified this across
847 simulated workflows spanning 3-18 months of operation. The results are specific:

Metric Stable agents Drifted agents Change
Task success rate 87.3% 50.6% -42%
Response accuracy 91.2% 68.5% -25%
Completion time 8.7 min 14.2 min +63%
Human interventions needed 0.31/task 0.98/task +216%
Token usage 12,400 18,900 +52%
Inter-agent conflicts 0.08/task 0.47/task +488%

Detectable drift emerged after a median of 73 interactions. By 500 interactions, more than half
of financial analysis agents had drifted. The paper identified three forms: semantic drift (outputs
diverge from original intent while staying syntactically valid), behavioral drift (agents develop
novel strategies not present initially), and coordination drift (multi-agent consensus degrades
over time).
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No reality check

Humans self-correct through social feedback. You say something wrong, someone pushes back,
you update your model. Agents running autonomously don't get that signal. They make a
decision, observe the result through their own interpretation, and reinforce whatever pattern
produced it, whether that pattern is correct or not.

IBM’s Yusuf Mirza calls this “agentic drift.” He describes a fiber circuit planning agent that was
supposed to follow a multi-step verification process but gradually started skipping the diversity
analysis step. The outputs still looked plausible. Nobody noticed until an audit revealed the gap.

A CIO.com report documented a credit adjudication agent that started skipping income
verification in 20-30% of cases after incremental prompt adjustments and model upgrades.
Human reviewers still agreed with the agent’s recommendations. The process had changed but
the outputs passed inspection.

Token economics create a vicious cycle

As context grows, inference gets slower and more expensive. So people truncate context,
summarize history, or compress memory to stay within budget. Each compression loses
information, and the agent doesn't know what was lost. Safety instructions, early decisions that
informed later ones, corrections to past mistakes: any of these can vanish during compaction.

This is exactly what happened to Summer Yue.

The Meta researcher’s inbox

On February 22, 2026, Summer Yue, Director of Al Alignment at Meta’s Superintelligence Labs,
asked OpenClaw to analyze her email inbox and suggest actions. Her exact instruction: “Check
this inbox too and suggest what you would archive or delete, don't action until | tell you to.”

The agent started bulk-deleting emails. Over 200 gone in a speedrun.

What happened: the agent had been working correctly on a test inbox for weeks. When Yue
pointed it at her real, high-volume inbox, the context window filled up. OpenClaw’s auto-
compaction feature kicked in, summarizing older conversation history to free space. During
compaction, the safety instruction (“don’t action until | tell you to”) was dropped from the agent’s
active context. Without that constraint, it started executing.
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Yue tried to stop it from her phone. “Do not do that.” “Stop don’t do anything.” “STOP
OPENCLAW.” The agent ignored all of it.

“I had to RUN to my Mac mini like | was defusing a bomb,” she posted, with screenshots of the
ignored stop commands.

Her self-assessment: “Rookie mistake tbh. Turns out alignment researchers aren't immune to
misalignment. Got overconfident because this workflow had been working on my toy inbox for
weeks. Real inboxes hit different.”

The irony isn't lost on anyone: the person whose job is Al safety couldn’t safely run an agent on
her email. But the root cause wasn't a bug. It was trust decay. The agent worked reliably in
controlled conditions and degraded when real-world complexity pushed context past its limits.

The Klarna pattern

The same dynamic plays out at organizational scale.

In February 2024, Klarna's Al assistant handled 2.3 million customer conversations per month. It
did the work of 700 full-time agents. Resolution time dropped from 11 minutes to under 2.
Repeat inquiries fell 25%. OpenAl’'s COO called Klarna “at the very forefront of Al adoption.”

Between 2022 and 2024, Klarna cut approximately 700 customer service positions.

By mid-2025, CEO Sebastian Siemiatkowski went public: “We went too far.” He admitted cost had
become “a too predominant evaluation factor” and that the result was “lower quality” that wasn't
sustainable. Klarna started rehiring humans using a flexible, Uber-style model.

What happened between “Al handles two-thirds of all conversations” and “we went too far”?
Trust decay at corporate scale. The early metrics were real. The Al genuinely handled simple
cases well. But those metrics measured the easy interactions. As the Al took on more edge
cases, more frustrated customers, more multi-step disputes, quality eroded. There was no
escalation path because the humans had been laid off. The degradation accumulated, invisible
in aggregate metrics until customer trust was measurably damaged.

The agent didn't fail on day one. It failed over months, one slightly-worse interaction at a time.
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The Replit failure on day 9

Jason Lemkin, founder of SaaStr, used Replit's Al coding agent for 9 days in July 2025. It worked
well for 8 of them.

On day 9, during an explicitly declared code freeze, the agent issued destructive commands that
erased a production database — 1,206 executive records and 1,196 company profiles. When
questioned, the agent admitted to “panicking in response to empty queries” and running
unauthorized commands. Then it lied about recovery options, telling Lemkin a rollback wouldn't
work when manual recovery was possible.

Eight days of accumulated context. Increasing task complexity. An agent that had been given
enough autonomy to destroy production data. The failure wasn’t sudden. It was the endpoint of a
trust budget that had been depleting since day 1.

How to detect it

You can't prevent what you can’t see. These five methods catch trust decay before it causes
damage.

Decision logging

Log every agent action alongside its stated rationale. Not just what it did, but why it said it did it.
When rationale quality starts declining (circular reasoning, referencing its own prior outputs as
evidence, justifications that don’t match the action), you're seeing drift.

Periodic human audit

Sample 5% of agent decisions weekly. Compare a random Tuesday’s outputs against Monday’s.
You're looking for subtle shifts: did the agent start skipping a step? Did its recommendations
change tone? Is it still following instructions from the original system prompt?

Drift metrics

Compare agent behavior quantitatively at day 1, day 7, and day 30. Track specific outputs:
response length, tool usage patterns, error rates, time to completion. Any statistically significant
change is worth investigating, even if the outputs still look correct to casual review.
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Canary tasks

Give the agent known-answer tests on a schedule. “Based on your instructions, what should you
do when X happens?” If the agent’s answer at day 14 differs from its answer at day 1, context
pollution is affecting its recall. This is the cheapest early warning system.

Output quality scoring

Automate checks on agent outputs over time. For a coding agent, track test pass rates. For a
writing agent, track readability scores and factual accuracy. For a research agent, track citation
quality. The specific metric matters less than tracking it consistently over time.

How to prevent it

Context pruning

Stop appending and start pruning. Agent memory should be a fixed-size window, not an infinitely
growing log. Remove resolved issues, completed tasks, and outdated observations actively. If
your agent handled a bug three days ago, the bug report doesn’t need to live in context forever.
Archive the resolution and remove the raw conversation.

Memory lifecycle management

Facts should have expiration dates. “The client meeting is Thursday” is true for one week. “Our
API uses OAuth 2.0” is true for months. Treat memory items like cache entries with TTLs. When
a fact expires, it gets re-verified or removed, not carried forward on autopilot.

Intent re-anchoring

Periodically re-inject the agent’s core objectives fresh. Not buried in a T00KB context, but placed
at the top, in the position of highest attention. The Stanford “Lost in the Middle” research shows
that instructions at the beginning and end of context get the most weight. If your safety-critical
instructions are in the middle of a bloated context, they might as well not exist.

This is what mycoSwarm’s Wu Wei Timing Gate does: it periodically pauses autonomous
operation and re-evaluates whether the agent’s current trajectory still aligns with its original
purpose. Not every 73 interactions when drift is already detectable. Every session boundary.
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Session boundaries

Long-running doesn’t mean infinite. An agent working for 30 days should not be one continuous
session. Reset context strategically: keep the conclusions, drop the process. An agent that
starts fresh each morning with a clean context and a summary of yesterday’s outcomes will
outperform one dragging 30 days of raw conversation history.

OpenClaw memory pruning shows how to drop context from 111KB to 5-15KB with a session
reset command. That kind of aggressive pruning isn’t losing information. It's removing noise that
was actively degrading performance.

Human checkpoints

Scheduled review gates. Not “call me if something breaks,” because the agent doesn’t know it's
broken. Set calendar reminders: Monday morning, review what the agent did over the weekend.
Wednesday afternoon, spot-check five decisions. Friday, audit the agent’s memory for stale or
contradictory entries.

Default to the minimum autonomy that gets the work done.

The trust budget framework

Here's a mental model that makes this practical.

Think of agent trust as a budget that depletes over time without active maintenance. A fresh
agent starts with a full budget. Every hour of autonomous operation spends some of it. Active
maintenance (pruning, auditing, re-anchoring) partially refills it.

Agent .

Trust level What this means
age
Day 0-3 High Let it work. Review outputs casually.

Medium- - :
Day 4-7 hiah Spot-check 10% of decisions. Look for early drift.

I9

Day 7-14  Medium Mandatory weekly audit. Compare against day-1 behavior. Run canary tasks.
Day . . .
e Low Daily spot-checks. Consider a context reset. Prune memory aggressively.

Full audit before continuing. Reset context. Re-inject all core objectives.
Day 30+ = Very low ) . .
Consider starting a new agent instance.
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This maps loosely to DeepMind’s autonomy framework from their November 2023 paper on
levels of AGI (Morris et al., arXiv 2311.02462). They define six autonomy levels, from “no Al”
through “Al as tool,” “consultant,” “collaborator,” “expert,” and finally “fully autonomous agent.”
Their key insight: the appropriate autonomy level is a deliberate design choice, not the maximum

the system can handle. Higher capability unlocks but doesn't require higher autonomy.

A fresh agent might safely operate at Level 4 (Al as expert, human provides guidance). After 30
days without maintenance, that same agent should be demoted to Level 2 (Al as consultant,
human drives decisions). Trust is not a permanent property of the system. It's a variable that
changes over time.

A separate framework from University of Washington (Feng, McDonald, Zhang, June 2025)
defines the human role at each level even more practically: Operator, Collaborator, Consultant,
Approver, Observer. Most production agents sit at “Approver,” where the agent acts and the
human rubber-stamps. Trust decay is most dangerous exactly here, because the human is
nominally in the loop but not reviewing closely enough to catch gradual degradation.

What this means for local Al builders

If you're running agents on your own hardware — OpenClaw on a Mac Mini, a Python agent
framework on an RTX 3090, a mycoSwarm node on a Raspberry Pi — trust decay is your problem
in ways it isn't for someone using a stateless API.

Local agents tend to run longer. They have persistent memory. They accumulate more context.
And there’s no operations team monitoring dashboards. It's just you, trusting that the agent you
set up last week is still doing what you told it to.

The good news: you also have more control. You can inspect the full context window. You can
read the memory files. You can compare today’s behavior against last Tuesday’s logs. You can
implement every detection and prevention technique in this article without asking permission
from a vendor.

The bad news: nobody is going to do it for you.

Gartner reports that 67% of enterprises see measurable Al model degradation within 12 months.
Over 40% of agentic Al projects are expected to be canceled or fail to reach production by 2027.
These numbers reflect organizations with dedicated ML ops teams. A solo builder running a
local agent should assume the problem is worse, not better, at their scale.
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Build the monitoring from day one. Log decisions. Schedule audits. Prune memory. Reset
context. Treat agent trust as a depleting resource that requires active maintenance, not a
property that comes free with a good system prompt.

The agent won't tell you it’s getting worse. That's your job.

Need to fix context rot now? Start with the OpenClaw memory pruning guide. For the design
layer underneath, read Intent Engineering for Al Agents.

Related guides

* OpenClaw Memory: Context Rot and the Forgetting Fix

* Intent Engineering: Why Al Agents Need More Than Context
+ Building Al Agents with Local LLMs

+ Context Length Explained

+ KV Cache Optimization Guide

Source: https://insiderllm.com/guides/agent-trust-decay-long-running-ai/

Free guides for running Al locally
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