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Executive Summary

The AI industry is shipping agents into production faster than it is learning to evaluate them. According
to LangChain's 2026 State of AI Agents survey of 1,340 practitioners, 57.3% of organizations now have

agents in production—up from 51% a year earlier—with 57% deploying multi-step workflows and 80%

reporting measurable economic impact.[1][2] Yet the mechanisms to verify whether those agents are
working correctly remain alarmingly thin.

The data reveals a structural gap between observability (knowing what happened) and evaluation
(knowing whether it was good). While 89% of teams have instrumented their agents with tracing and
logging, only 52.4% run offline evaluations on test sets, and just 37.3% run online evaluations in

production.[1] Nearly 30% of teams with production agents report not evaluating them at all. Among
those who do evaluate, 59.8% rely primarily on human review—an approach that does not scale past a

handful of agents.[1]

This gap carries material business risk. Gartner predicts that over 40% of agentic AI projects will be
canceled by the end of 2027, citing escalating costs, unclear business value, and inadequate risk

controls as primary drivers.[4] The connection is direct: without systematic evaluation, organizations
cannot demonstrate business value, quantify risk, or make informed decisions about scaling. Quality—
defined as accuracy, consistency, tone, and policy adherence—is already the number one production

barrier, cited by 32% of respondents.[1]

The evidence base points to a clear conclusion: evaluation is the new testing discipline for AI-native
systems, and the majority of teams are shipping without tests. Organizations that close this gap early—

starting with as few as 20–50 golden test cases and building regression gates before their second agent

—will have a structural advantage over those that wait.[5]
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Evidence Base & Methodology

Research Approach

This brief synthesizes findings from 13 primary sources gathered through a combination of targeted web

searches and direct source analysis. Research was conducted on March 20, 2026, covering evidence
published between mid-2024 and March 2026, with the heaviest concentration in the second half of

2025 and early 2026.

Key Data Sources

The evidence base rests on three survey-grade sources, each with different methodologies and

populations:

Source Sample Size
Collection
Period

Population

LangChain State of AI

Agents 2026[1]
1,340 respondents

Nov–Dec

2025

AI practitioners; 63% technology sector;

49% companies <100 employees

Cleanlab AI Agents in

Production[3]
1,837 respondents 2025 Engineering leaders; broader enterprise mix

Gartner Agentic AI Poll[4]
3,412 webinar
attendees

Jan 2025
Gartner webinar participants; enterprise-
weighted

These were supplemented by practitioner-grade technical references from Anthropic[5], academic

surveys on LLM-as-judge evaluation[9], industry analysis from Arcade.dev[2], and domain-specific

reports on hallucination risk[7][8].

Notable Gaps

No longitudinal data was found linking evaluation maturity to measurable business outcomes (e.g.,
reduced incident rates or higher retention). Production adoption rates diverge significantly between
surveys (57.3% in LangChain vs. 5.2% in Cleanlab), likely reflecting differences in how "production" is

defined and who was surveyed. The Gartner newsroom page was inaccessible for direct verification; the
40% cancellation prediction is cited via secondary reporting of the June 2025 press release.
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The Observability-Evaluation Gap

What the Numbers Show

The LangChain 2026 survey reveals a stark asymmetry in how teams instrument their agents. Almost

every team that runs agents in production has observability—logging, tracing, and monitoring that
records what the agent did. Far fewer have evaluation—systematic methods that judge whether the

agent's output was correct, safe, and useful.

Practice All Respondents Production Teams

Observability implemented 89% 94%

Full tracing enabled — 71.5%

Offline evaluations (test sets) 52.4% —

Online evaluations (production sampling) 37.3% —

No evaluation at all 29.5% 22.8%

Combined offline + online evals 24% —

Source: LangChain State of AI Agents, 2026.[1]

Why Observability Is Not Evaluation

Observability and evaluation answer fundamentally different questions. Observability answers "What
happened?"—it provides logs, traces, and metrics that explain the agent's reasoning chain and identify

where failures occur. Evaluation answers "Was the output good?"—it applies quality criteria to judge

whether the agent's actions and responses met defined standards.[10]

Enterprise AI teams often treat these as competing priorities rather than complementary layers.[10] In
mature systems, traces explain behavior, monitoring catches changes at scale, and evaluation makes

quality measurable and governable. Without evaluation, observability becomes a post-mortem tool—
teams can see what went wrong after a user complains, but they cannot proactively catch quality

degradation before it reaches production.

"Catching errors is table stakes; the real challenge is knowing when outputs are technically valid but

wrong for your domain."[10]

The Human Review Bottleneck
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Among teams that do evaluate, the dominant approach is human review: 59.8% rely on human reviewers

for nuanced or high-stakes situations.[1] While human graders represent the gold standard for quality

judgment, Anthropic's engineering team characterizes the approach as "expensive, slow, and requiring

expert access at scale."[5]

This creates a scaling problem. With 57% of organizations deploying multi-step agent workflows and 81%

planning to expand into more complex use cases in 2026[2], human-only evaluation creates a bottleneck
that tightens as agent adoption grows. The effective evaluation coverage for production agents at scale

is likely much lower than the headline adoption figures suggest—an inference supported by the fact that

only 24% of teams running evaluations combine both offline and online methods.[1]
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Quality as the Production Killer

The Top Barrier

Quality is the single most cited barrier to production deployment, identified by 32% of LangChain

respondents. This encompasses accuracy, consistency, tone, and policy adherence—dimensions that

cannot be captured by observability metrics alone.[1] Latency ranks second at 20%, and for enterprises
with 2,000+ employees, security rises to the second-largest concern at 24.9%.

Write-in responses highlight "hallucinations and output consistency" as a recurring theme.[1] This is not a
theoretical risk. A 2024 Deloitte survey found that 38% of business executives reported making incorrect

decisions based on hallucinated AI outputs.[7] In the legal domain, judges worldwide issued hundreds of

decisions addressing AI hallucinations in legal filings in 2025 alone, accounting for roughly 90% of all

known cases of this problem to date.[7]

Hallucination as Systemic Risk

The framing matters: hallucination is not an isolated incident that happens to individual outputs. It is a
systemic property of LLM-based agents that must be managed through architecture and evaluation, not

ad hoc human checking. Key characteristics of agent-level hallucination include:

Output inconsistency: Different answers to the same query depending on phrasing, representing

inference instability or weak reasoning generalization[7]

High-confidence errors: When agents process irrelevant, unstructured, or conflicting

information, the result is hallucinations delivered with high confidence scores[7]

Compounding in multi-step workflows: With 57% of organizations deploying multi-step agent

workflows[2], a hallucination in step two propagates through every subsequent step

Hybrid approaches combining RAG architectures with rigorous validation protocols can reduce

hallucinations by 54–68% across domains[7], but this reduction is achievable only when evaluation

pipelines exist to measure the reduction in the first place.

The Satisfaction Gap

Even among the relatively small percentage of teams with production agents, maturity remains low.

Cleanlab's survey found that fewer than 1 in 3 teams are satisfied with their observability and guardrail

solutions, and nearly 50% are actively evaluating alternative reliability solutions.[3] This dissatisfaction

signal—coming from teams that have already invested in tooling—suggests that the current generation of
tools is not meeting production requirements.
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The Gartner 40% Cancellation Prediction

What Gartner Predicts

In June 2025, Gartner predicted that over 40% of agentic AI projects will be canceled by the end of 2027,

driven by escalating costs, unclear business value, and inadequate risk controls.[4] This prediction sits
alongside data showing that most current projects are early-stage experiments or proofs of concept
"driven by hype and often misapplied."

Investment Patterns

A January 2025 Gartner poll of 3,412 webinar attendees found the following investment distribution:[4]

Investment Level Percentage

Significant investment 19%

Conservative investment 42%

No investment 8%

Wait-and-see / unsure 31%

The Agent Washing Factor

Compounding the evaluation challenge is what Gartner terms "agent washing"—the rebranding of existing
products such as AI assistants, RPA tools, and chatbots as agentic without substantial autonomous

capabilities. Gartner estimates that only approximately 130 of the thousands of vendors claiming agentic

capabilities actually deliver autonomous, goal-pursuing systems.[4]

This has a direct implication for evaluation: organizations may be attempting to evaluate agent-level

behavior on systems that are architecturally incapable of it. When a chatbot wearing an "agent" label fails
an agentic evaluation, the failure is attributed to the evaluation framework rather than the vendor's

overclaiming.

Connecting Evaluation Gaps to Project Cancellation

Gartner's three cancellation drivers map directly to evaluation capabilities:
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Gartner Cancellation
Driver

Evaluation Connection

Escalating costs
Without cost-per-task metrics from evals, organizations cannot forecast agent
operating expenses or identify optimization opportunities

Unclear business

value

Without quality evals that tie agent performance to business KPIs, ROI claims remain

anecdotal

Inadequate risk
controls

Without regression testing and automated quality gates, risk accumulates silently until
an incident forces a shutdown

Inference: The evaluation gap is not merely a technical inconvenience—it is a plausible contributing
factor to the projected 40% cancellation rate. Teams that cannot quantify agent quality cannot defend
continued investment to leadership.
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Building a Practical Eval Stack

The Three-Layer Model

Drawing on Anthropic's evaluation framework[5] and industry practice, a production eval stack operates

across three layers:

Layer Timing Purpose Key Methods

Offline

evaluation

Pre-deployment,

CI/CD

Catch regressions before they

reach users

Golden-set testing, regression

suites, capability benchmarks

Online
evaluation

Production, real-
time

Detect drift and real-world
failures

Automated sampling, LLM-as-judge
scoring, user feedback loops

Human
calibration

Periodic
Validate automated graders,
catch domain-specific failures

Expert review, inter-annotator
agreement, A/B testing

Golden-Set Testing

A golden dataset is a curated, versioned collection of prompts, inputs, contexts, and expected outcomes

that serves as the source of truth for quality measurement.[6] Anthropic recommends starting with 20–

50 test cases drawn from actual failures and bug reports rather than synthetic scenarios.[5]

Key design principles for golden sets:

Unambiguous specifications: Two domain experts should independently reach the same pass/fail

verdict on any given task[5]

Reference solutions: Every task should include a proven solution that verifies solvability

Balanced coverage: Include both positive cases (when the agent should act) and negative cases
(when it should decline or escalate)
Version control: Test cases should only change when the underlying policy or requirements

change

LLM-as-Judge Patterns

LLM-as-judge evaluation uses a large language model to score agent outputs based on defined criteria.

The approach has gained significant traction—53.3% of teams in the LangChain survey use it[1]—but it
carries well-documented biases that must be managed:
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Bias Type Description Measured Impact

Position bias
Preference for first or last option
presented

~40% inconsistency in GPT-4 pairwise

comparisons[9]

Verbosity bias
Longer responses scored higher

regardless of quality
~15% score inflation[9]

Self-enhancement
bias

Models rate their own outputs higher 5–7% score boost[9]

Authority bias
Deference to authoritative-sounding
phrasing Not quantified but documented[9]

Mitigation strategies include multi-judge consensus (using multiple LLMs to score the same output),

rubric-based scoring with explicit criteria, and regular calibration against human expert judgment.[5][9]

Regression Gates on Model Upgrades

Model upgrades represent a particularly high-risk moment for production agents. When the underlying

model changes, every agent behavior is potentially affected. Without regression gates, teams face a
binary choice: blindly accept the upgrade and hope nothing breaks, or manually review a sample and

hope the sample is representative.

Anthropic's engineering team reports that model upgrades take weeks without evaluations versus days

with evaluations.[5] The economics are straightforward: the one-time cost of building a regression suite
pays for itself on the first model upgrade.

The recommended pattern is a deployment gate: if an agent's key metrics on the golden benchmark

dataset do not meet a defined threshold, the deployment automatically fails and blocks.[6] As Anthropic's
framework describes it, capability evaluations with high pass rates can "graduate" to become regression

suites that run continuously to catch drift.[5]

Eval Metrics: pass@k and pass^k

Agent evaluation requires metrics that account for non-determinism. Anthropic's framework introduces

two complementary measures:[5]

pass@k: The probability that an agent succeeds in at least one of k attempts. As k increases, this
score rises—more attempts increase the odds of at least one success.

pass^k: The probability that all k trials succeed. As k increases, this score falls, because
consistency across more trials is harder. For example, an agent with 75% per-trial success running

3 trials has a pass^3 of (0.75)³ ≈ 42%.
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The gap between pass@k and pass^k for a given agent reveals how much of its apparent capability is
driven by luck versus reliable competence. A narrow gap indicates a consistent agent; a wide gap

indicates one that sometimes performs well but cannot be counted on.
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Key Assumptions & Uncertainties

Where the Evidence Is Strong

The observability-evaluation gap is well-quantified by the LangChain survey and corroborated by

Cleanlab's satisfaction data and the Giskard/Galileo observability-vs-evaluation analysis. High
confidence.

Quality is the top production barrier. Consistent across LangChain's structured survey data and
write-in responses. High confidence.

Human review dominates evaluation but does not scale. Supported by LangChain's 59.8% figure
and Anthropic's practitioner assessment. High confidence.

Where the Evidence Is Weaker

Production adoption rates vary significantly. LangChain's 57.3% and Cleanlab's 5.2% likely reflect
different definitions of "production" and different survey populations. The true rate depends on
how strictly one defines production deployment.

Hallucination reduction percentages. The 54–68% reduction from RAG + validation appears in a
single source and may not generalize across all agent types and domains.

The causal link between eval gaps and project cancellations. While the mapping between
Gartner's cancellation drivers and evaluation capabilities is logical, no study directly measures this

relationship. This remains an inference.

Unresolved Questions

What is the actual incident rate for uneval'd agents vs. agents with formal evaluation pipelines? No

data was found quantifying this.
How will regulators treat the absence of evaluation documentation? The EU AI Act and similar

frameworks may soon require demonstrable quality assurance for high-risk AI systems, but
enforcement specifics remain unclear.

What is the minimum viable eval investment? Anthropic suggests 20–50 test cases, but the
relationship between eval investment and quality improvement is not well characterized across

different agent types.
How fast is the eval tooling market maturing? With nearly 50% of teams evaluating alternative

solutions[3], the landscape could shift significantly within 6–12 months.
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Strategic Implications

1. Treat evaluation as table stakes before deploying your second agent. The data shows that most teams
skip formal evals entirely or rely on human review alone. The first agent can survive on manual checking;

the second cannot. Build evaluation infrastructure alongside your first agent so it is ready when you

scale.[1][5]

2. Start with 20–50 golden test cases drawn from real failures, not synthetic scenarios. Teams delay

evals because they believe they need hundreds of test cases. They do not. Anthropic's guidance is
explicit: convert existing bug reports and manual QA checks into structured test cases. The barrier to

entry is much lower than most teams assume.[5]

3. Build regression gates before the next model upgrade. Model upgrades without evaluation take weeks
of manual verification; with regression suites, they take days. The first model upgrade pays back the

investment in building the suite.[5]

4. Use LLM-as-judge to scale evaluation, but calibrate against human experts. LLM-as-judge is now
used by 53.3% of evaluating teams and provides the scalability that human review lacks. However,

documented biases (position, verbosity, self-enhancement) require regular calibration against human

graders to maintain accuracy.[1][9]

5. Separate observability from evaluation in your org chart and budget. The 89% observability adoption

rate shows that teams invest in monitoring. But monitoring tells you what happened; evaluation tells you
whether it was good. These require different tools, different expertise, and different budget lines.

Collapsing them into "AI ops" masks the evaluation gap.[10]

6. Audit your vendor stack for agent washing before investing in agent-level evaluation. With only ~130

genuine agentic vendors out of thousands of claimants, evaluating chatbot-grade systems with agent-
grade frameworks wastes resources and produces misleading results. Verify autonomous capability

before building evaluation pipelines around a vendor's product.[4]

7. Design every high-impact agent system with the assumption it will sometimes be confidently wrong.
Hallucination is not an edge case—it is a systemic property. Build governance around this assumption

with logging, version control, validation checks, and clear escalation paths so an accountable human can

catch and override outputs.[7]
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