
Position: Coding Benchmarks Are Misaligned with Agentic
So!ware Engineering

Maria I. Gorinova
Tessl

London, UK
maria@tessl.io

Macey Baker
Tessl

London, UK
macey@tessl.io

Amy Heineike
Tessl

London, UK
amy@tessl.io

Maksim Shaposhnikov
Tessl

London, UK
max@tessl.io

Rob Willoughby
Tessl

London, UK
robw@tessl.io

Dru Knox
Tessl

London, UK
dru@tessl.io

Abstract
Coding agents have become a major mode of software engineering,
but the benchmarks we use to compare them were designed in
a pre-agent era: they collapse model, harness, and environment
into a single end-to-end score, typically computed against one
reference solution, with no component-level signal for iteration.
We argue that current coding benchmarks are misaligned
with agentic software engineering. A coding agent in practice
is not a model: it is a system harness — a composite of models,
harnesses, contexts, environments, and feedback signals, any one
of which can move the benchmark score by margins comparable
to those between adjacent model generations. We discuss three
symptoms: (i) benchmark scores con!ate the model with the rest of
the harness; (ii) grading against a single reference solution penalises
equally valid alternatives; and (iii) the absence of signal at the level
of individual harness components makes the end-to-end system
score di"cult to iterate on.

1 Introduction
Coding agents [3, 10, 31, 45, 49] are now a major mode of software
engineering. They open and merge pull requests, write internal
libraries, and increasingly take on multi-day engineering work
under human supervision. They are composite systems, consisting
of a large language model (LLM) in a tool-use loop, sca#olding,
environment, and context. Each of these components can shift
the end-to-end benchmark score by margins comparable to those
between adjacent model generations [1, 29].

But the benchmarks we use to compare them were designed
for an earlier object of study: the ability of an LLM to generate
working code in one go. SWE-Bench [20], HumanEval [9], MBPP [5],
LiveCodeBench [19], and BigCodeBench [53] all share the same
structure: a single model, a single harness, and a single environment
together produce a single number — an end-to-end system score
with no signal at the level of individual components — which is
often compared against a single reference solution.

The choice of benchmark is not neutral: it implicitly shapes how
methods are judged andwhich research directions get pursued, even
if the benchmark only partially captures the unit of interest [11].

We take the position that current coding benchmarks are
misaligned with agentic software engineering: they grade
only a small part of what we build, against constructs we do
not want. Closing the gap requires benchmarks designed around
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Figure 1: The system harness around a coding agent. Yel-
low: components the harness modi!es or produces. Outside:
what it reads but does not control. Feedback signals split
into inner-, middle-, and outer-loop tiers; each tier also splits
into agent-controlled (the harness can rewrite the check) vs.
external (PR comments, production outcomes).

the structure of agentic systems, rather than around individual
reference solutions. Such benchmarks would treat the agent as
the composite system it is, expose signal at the level of individual
components, and ground correctness in independent behavioural
speci$cations rather than in any single reference solution. The
hardest open problem inside this programme is operationalisation:
specifying what we want the system to do in terms that can be
measured, without encoding how the agent should attempt it.

2 The System Harnesses
A coding agent is not a model: it is part of a system harness, an
orchestration layer around one or more LLMs that manages tasks,
environments, and feedback over time. We distinguish two levels of
this orchestration. The agent harness is a languagemodel interacting
with tools, working towards a single task, with some system prompt
and context to draw on. Most artefacts described as “coding agents”
are agent harnesses in this sense — Claude Code [3], Codex [31],
Cursor Agent [10], SWE-Agent [49], OpenHands [45], and many
others. The system harness is the outer orchestration: it transforms
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higher-level goals into concrete tasks, dispatches each to one or
more agent harnesses, manages the environment they act on, and
routes their outputs through feedback that approximates whether
the work is acceptable. Practical agentic coding at scale operates at
the level of the system harness [4, 33]; current coding benchmarks
operate at the level of the agent harness. Recent examples include
Symphony [21] and GasCity [14]. We also built and open-sourced
NS2,1 an issue-driven system harness running a four-tool agent loop
under a stack of deterministic and agent-arbitrated checks. In NS2,
GitHub issues are the coordination primitive: a product-manager
agent decomposes a feature issue into vertical-slice child issues;
software-engineering agents implement those issues in isolated
sessions; reviewer, test-quality, smoke-testing, and PR-building
agents consume issue and pull-request events to decide whether
work should move forward, be revised, or be described for review.
Building and operating NS2 surfaced many of the misalignments
this paper articulates, and we draw on it as a concrete reference
throughout. Many harnesses, including NS2, treat the issue tracker
as the durable state machine for work and spawn per-task agent
sessions.

The system harness has $ve recurring components (Figure 1):
(i) tasks, units of work derived from higher-level goals; (ii) one or
more agent harnesses, con$gurable executors composed of model,
prompt, tools, and loop, which the system harness may tune or treat
as black boxes; (iii) the environment the repository and runtime
under change, together with integrated external services (issue
tracker, CI, deployment surface); (iv) context, a curated projection
of the environment and of harness-authored material — skills, plu-
gins, hooks, specs — loaded into a particular invocation; and (v)
feedback signals: anything the harness reads to re$ne a solution or
to re$ne itself, including tests, types, linters, formal veri$cation,
LLM-as-judge rubrics, PR comments, reviewer critique, production
incidents, and longer-horizon business signals. Within feedback,
veri!ers are the strict subset that return a pass/fail verdict suitable
for blocking — tests, type-checks, linters, and binary rubrics; the
broader feedback category includes qualitative review and outcome
signals that inform rather than gate.

We categorise feedback into three tiers by scope, latency and
trust. Inner-loop signals (seconds to minutes: tests, types, lint, com-
pile) are fast and cheap but narrow. They operate inside a sin-
gle change attempt, usually at commit or pull-request scope, and
give the agent immediate steer on whether the current edit is exe-
cutable, well-typed, policy-compliant, or worth further iteration.
Middle-loop signals (minutes to hours: reviewer requests, simula-
tion, maintenance agents, score rubrics) aggregate over a wider
slice of work. A maintenance agent is a scheduled or on-demand
agent that inspects a project, its PRs, or its agent traces, then $les or
implements recurring quality improvements to the software project.
Middle-loop signals capture properties that are too broad or too
judgement-dependent for a unit test: recurring review criticism,
drift from project conventions, duplicated abstractions, agent inef-
$ciency visible in logs, or before/after health metrics for a mainte-
nance run. Outer-loop signals (days to weeks: PR acceptance, revert
rate, incident reports, customer feedback) are closest to ground
truth but delayed and confounded; they measure whether shipped

1https://github.com/drufball/ns2

work survived human review, production, and use, often without
clean attribution to one prompt, task, or change. A productive sys-
tem harness uses all three: inner signals to re$ne a solution in-loop,
middle signals to surface recurring issues and quality drift, and
outer signals to calibrate which inner and middle proxies are worth
trusting. Middle-loop signals are therefore useful when they predict
or improve outer-loop outcomes such as fewer reverts, fewer review
rounds, or a lower human-intervention rate. A second, orthogo-
nal axis distinguishes signals the harness can modify (e.g. tests)
from signals it cannot (human PR comments, business outcomes).
All signals can take part in the harness’s self-improvement loop,
in which accumulated logs and recurring failures feed back into
the harness’s own components [22, 33]. NS2 illustrates the pattern:
max-pedantic lint, a coverage threshold, and dependency-graph
unit tests act as inner-loop strict veri$ers; mutation testing, LCOM
cohesion checks, and daily agentic architecture and test-quality
reviews are middle-loop feedback; friction reports from a smoke-
testing agent, post-merge revert signals, and production incidents
are outer-loop feedback. The agent writes and maintains the lint
rules and rubrics that constrain it.

3 Related Work
We read existing coding-agent evaluation work through the lens of
the system harness §2.

Coding Benchmarks. Coding benchmarks fall into two fami-
lies. The $rst scores models on short, self-contained problems with
hidden tests: HumanEval [9], MBPP [5], LiveCodeBench [19] (with
contamination control), and BigCodeBench [53]. These were de-
signed when the artefact under test was a model, and they correctly
target the model component of the agent harness. They are not de-
signed to discriminate between system harnesses. The second fam-
ily grades agents on patches to real repositories. SWE-Bench [20]
requires an agent’s patch to make a held-out FAIL_TO_PASS set
pass while keeping a PASS_TO_PASS set passing; both test sets are
derived from the original pull request, a construction we return
to in §4.2. The benchmark has since iterated to address distinct
shortcomings: Veri$ed [30] curates 500 human-validated tasks, Mul-
timodal [50] adds visual domains, and Pro [37] broadens the task
horizon and language coverage with human-validated tasks (and
is now recommended by OpenAI in place of Veri$ed [34]). SWE-
rebench [6] trades human validation for scale, generating 32k+
tasks across 20 languages. Beyond the issue-$x shape, Terminal-
Bench [28] broadens evaluation to terminal tasks (typically 1–20
minutes) and has become a de-facto frontier reporting standard;
Frontier-SWE [35] targets ultra-long-horizon performance and ML-
research challenges. Adjacent suites include SWE-Lancer [32], RE-
Bench [48], MLE-bench [8], 𝐿-bench [52], AgentBench [27], and
the Aider polyglot [15]. These benchmarks vary the task domain,
time horizon, and veri$er shape, but share the same set-up: the
agent is paired with a $xed environment and veri$er, and a single
end-to-end pass rate is reported. In the language of §2, the rest of
the system harness is folded into the protocol rather than treated
as part of the artefact under test.

Validity and the Benchmark–deployment Gap. Recent pa-
pers expose validity problems in the SWE-Bench-style set-up: SWE-
Bench+ [2] documents solution leakage in issue text and weak-test
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passes; Liang et al. [26] report $le-localisation behaviour consis-
tent with memorisation; Wang et al. [46] use di#erential testing
to show 7.8% of resolved patches fail developer-written tests and
29.6% diverge from the gold patch’s behaviour; and Whit$ll et al.
[47] $nd that many resolved patches would not be merged under
ordinary maintainer review. Li et al. [23, 24] measure the gap at
the other end: across 456k agent-authored PRs in 61k repositories,
real-world acceptance rates are 35–64% — well below the >70%
headline $gures on Veri$ed. Their AIDev dataset is useful beyond
the gap it documents. Because it is drawn from live repositories
rather than a curated benchmark, it can report acceptance, review
turnaround, and code complexity in place of a single pass rate,
which is closer to the measurement we argue for. A separate line
of work has begun to treat the harness itself as the object of mea-
surement. Fan et al. [12] report that the same sca#old varies 3–7→
in token-budget e#ectiveness across base LLMs and conclude that
e#ectiveness is a property of the sca#old–model integration, not of
either component alone. SkillsBench [25] measures the lift attribut-
able to agent skills, and Meta-Harness [22] treats the harness as an
object of optimisation, searching the harness-code space with an
outer proposer. Our position is consistent with this trajectory: if
the harness is the artefact, the harness is what should be measured.

Agentic Software Engineering. The framing of an agentic soft-
ware engineering (SE) discipline is taking shape in parallel. Hassan
et al. [17] call for an “SE 3.0” research roadmap around structured
human–agent collaboration, with merge-readiness packs replacing
test-pass-as-success — “passing tests alone is no longer enough”.
Our argument is the measurement counterpart: if the artefact is a
composite system, the benchmark must score the composite sys-
tem. We draw on work that treats evaluation as a measurement
problem. Wallach et al. [44] argue that evaluating GenAI is a social-
science measurement challenge, distinguishing the construct (e.g.
“solves the bug”) from the operationalisation (how it is measured);
Jacobs and Wallach [18] formalise the chain of validity a measure-
ment must satisfy to be informative about its construct. We use
this language directly in §4: single-reference anchoring (§4.2) is a
content-validity claim; bundle con!ation (§4.1) is a discriminant-
validity claim — a benchmark that cannot separate model from
harness is measuring something, but not the thing it labels.

4 Three Symptoms of the Misalignment
We discuss three symptoms of the misalignment between current
benchmarks and agentic coding systems.

4.1 Con"ating the Model with the Harness
This con!ation is not new: Dehghani et al. [11] made a closely
related point about non-agent benchmarks, and the SWE-Bench
community has rediscovered it incrementally since. Our position
is that it has not been su"ciently acted on; the cost of inaction
has grown because the model is a small part of what gets used
in practice, and the remedy likely needs structural change at the
benchmark level, alongside individual care.

Table 1 shows success rates for a single $xed model (Claude Opus
4.6) across several agent harnesses on Terminal-Bench, a bench-
mark of terminal-based tasks in containerised environments. Each

Table 1: Entries from the TerminalBench [28] leaderboard
showing success rates for Claude Opus 4.6 across agent har-
nesses on a !xed task distribution. Within a !xed task dis-
tribution, success rates can vary by 20 percentage points or
more — a range comparable to di#erences between model
generations.

Rank Agent Model Agent Org Accuracy (%)

4 ForgeCode Opus 4.6 ForgeCode 79.8 ± 1.6
8 Capy Opus 4.6 Capy 75.3 ± 2.4
11 Terminus-KIRA Opus 4.6 KRAFTON AI 74.7 ± 2.6
14 TongAgents Opus 4.6 Bigai 71.9 ± 2.7
17 Droid Opus 4.6 Factory 69.9 ± 2.5
20 Crux Opus 4.6 Roam 66.9 (N/A)
22 Mux Opus 4.6 Coder 66.5 ± 2.5
28 Terminus 2 Opus 4.6 Terminal-Bench 62.9 ± 2.7
40 Claude Code Opus 4.6 Anthropic 58.0 ± 2.9

task gives the agent an English instruction, a sandboxed environ-
ment, and hidden tests; solving it requires ordinary terminal work
such as inspecting $les, running commands, debugging failures,
editing code or con$guration, and recovering from intermediate
mistakes [28]. On this $xed task distribution, di#erences of 20
percentage points or more appear across harnesses. Practitioner
reports document 4–10 point swings for Claude Opus 4.5 between
standardised and custom sca#olds on SWE-Bench Veri$ed [29], and
the OpenHands harness reaches 77.6% with comparable models that
score several points lower under the standardised mini-SWE-Agent
harness [45]. The e#ect is not just additive: Fan et al. [12] report
that e#ectiveness “is not an inherent property of the sca#old” — it
emerges from how the sca#old integrates with the base model, with
model swaps moving resolve rate 2–3→ at $xed sca#old. Across
more than 200,000 SWE-Bench runs, AI21 [1] $nd that orchestra-
tion choices, container allocations, and evaluation seeds materially
move the pass rate at $xed model and $xed harness; Anthropic
report similar infrastructure-level noise inside Anthropic’s own
evaluation pipeline [39].

The model is $xed across the rows, so the spread cannot be
explained as a di#erence in model capability. It is showing that the
agent harness — prompt, tool interface, action loop, environment
handling, retry behaviour, and conventions for using the terminal —
is part of the measured object. A model may also have been trained
or tuned under particular tool-use conventions, so a harness can be
well or poorly matched to the model even before any task-speci$c
reasoning begins. Another under-speci$ed variable is inference
e#ort: some model APIs let the caller directly change the amount of
inference compute used to produce an answer, trading thoroughness
against speed and cost, including across tool calls. Changing this
setting can therefore move the quality of the output even when the
model name and agent code are nominally unchanged.

But recent work often publishes single-harness, single-number
comparisons regardless. The result is attributed to the model, while
it is a property of the agent harness and environment as a whole;
the model is one component among several. A leaderboard entry of
the form “Model𝑀 , 65% on SWE-Bench Veri$ed” is uninformative
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about whether𝑀 would resolve a given test under di#erent scaf-
folding or environment; comparing two such numbers is comparing
two systems, not two models. End-to-end numbers are informa-
tive, but we claim they are under-speci!ed, and that the unit being
measured is not the unit being used in practice.

Suggested remedy. The $x is structural rather than methodolog-
ical. Leaderboard maintainers and benchmark stewards should re-
quire relevant metadata at submission: what model, agent harness
version, environment hash, and dataset version were used. Addi-
tionally, submissions should include at least one ablation across a
non-model axis against a $xed baseline.

4.2 Anchoring on a Single Reference Solution
Many coding benchmarks grade a solution by its closeness to a
single reference. SWE-Bench is the canonical instance for agen-
tic work [20]: the FAIL_TO_PASS and PASS_TO_PASS test sets are
derived from the test $les modi$ed in the original pull request,
encoding a particular decomposition — which functions exist, their
signatures, etc. An agent that resolves a !aky test by restating the
API at a di#erent level of abstraction is judged not on whether
the bug is $xed, but on whether the reference tests still hold. In
measurement terms, the patch is a proxy for the construct [18, 44].

Such grading is fair only when we specify tasks tightly enough
that the agent has no real choice but to make the same implementa-
tion decisions as the reference solution. In practice, work is rarely
this tight, and it is rarely just bug-$xing: developers ask agents
to de!ne the API, upgrade dependencies, evolve abstractions, or
choose between architectural shapes. Practitioners consistently
identify spec quality rather than model capability as the primary
bottleneck [38, 42]. SWE-Bench instances, by contrast, are selected
for tractability: each comes with a clearly $led issue and a cleanly
merged patch. The benchmark is therefore doubly anchored: the
output is graded against the reference patch, and the input is pre-
selected to the standard of a well-formed issue.

This construction also embeds known weaknesses. Aleithan et al.
[2] report 32.67% solution leakage in issue text and 31.08% passes
under insu"cient tests;Wang et al. [46] show via di#erential testing
that 7.8% of resolved patches fail developer-written tests and 29.6%
diverge from the gold patch’s runtime behaviour; Liang et al. [26]
document $le-localisation consistent with memorisation.

A deeper issue is that single-reference grading mistakes both the
construct and the grain. The reference encodes one solution among
many: wewant agents that can refactor, restructure, and pick among
reasonable alternatives. And, in narrow domains such as compiler
optimisation or kernel autotuning, $nd shapes no reference patch
encodes. The shortcomings of single-reference grading are well
established in machine learning more broadly [43].

The hidden unit tests also grade only local behaviour. They can-
not see what distinguishes good code from working code: choice
of abstractions, architectural $t, system design. An agent can pass
every test while degrading the codebase in ways a reviewer would
reject on sight. The methodological move is to grade not on close-
ness to a particular solution but on a broader de$nition of functional
correctness and on design-level quality (code is reused rather than
duplicated, new abstractions follow project conventions, the de-
pendency graph stays sound). These are invariants — conditions

that should hold across many candidate solutions, and across many
PRs in the same codebase. Recent practitioner work moves in this
direction: skill-adherence evaluations [40] grade against separately-
authored policies; abstraction-adherence checks [41] verify struc-
tural properties without prescribing an implementation; Program-
Bench [51] grades via agent-generated behavioural tests rather than
source-code comparison. All three decouple the veri$er from any
particular candidate solution. The remaining work is articulation:
specifying invariants as rubrics that can be graded reliably, and
choosing tasks for which those invariants apply. We claim this is
the central open problem in agentic-coding evaluation — specifying
what we want the system to do in terms that do not encode how.

Suggested remedy. Replace single-reference-derived test sets
with multi-shape behavioural veri$ers — property tests, reference
oracles, or di#erential tests against alternative implementations.
Where a single gold patch is retained, declare which behaviours are
required and which are incidental to the reference implementation.

4.3 The Absence of Component-Level Signal
End-to-end agent runs on a single benchmark task can take hours
[35], yet each task yields only a small amount of signal. As we
saw in §2, a modern agentic system — e.g. the one described by
OpenAI [33], or NS2 with its stack of linters, dependency-graph
unit tests, mutation testing, agentic reviewers, and a smoke-testing
agent — has many components, each a#ecting the overall result.
If one component is failing, the evaluation of an end-to-end task
will capture the failure, but we will not necessarily be able to tell
which component is faulty. To determine how to improve the overall
harness, we might need to resort to running ablation experiments,
thus making the improvement loop even more time-consuming.

Practitioners building toward autonomous systems describe a
continuous improvement cycle in which failures must be diagnosed
and $xed at the component level: context, tooling, veri$er, or task
decomposition [33, 38]. An end-to-end score shows that something
failed; it does not say what to $x. Without component-level signal,
this cycle degrades to intuition-guided ablation. If the harness is a
composition of components, we should aim to evaluate components
separately. This is the same logic that splits software testing into
unit and integration tests [7]: an integration test re!ects deployment
more faithfully but does not say which component broke.

Recent evaluation work moves in this direction on the task side:
Ribeiro et al. [36] decompose tasks into capabilities with unit-style
assertions; Dehghani et al. [11] show that aggregated scores conceal
which tasks drive the ranking. But the system under test is still a
black box. The same decomposition should apply to the system itself:
each component evaluated in isolation, as well as in composition.

Component-level evaluation for agentic systems is sparse, espe-
cially for coding. LLM-only benchmarks (e.g. one-shot code gener-
ation) e#ectively evaluate the model component, and a few tech-
niques evaluate skills as a stand-alone context [25, 40]. Recent
work in adjacent literature begins to target individual components:
PEEK [16] scores agents on long-context aggregation and in-context
learning rather than end-to-end completion, treating orientation
knowledge as an evaluable artefact; DecisionBench [13] evaluates
how well an agent delegates sub-tasks across a pool of models.

4



Position: Coding Benchmarks Are Misaligned with Agentic So!ware Engineering

Neither targets coding directly, but both illustrate the shape: per-
component veri$ers that hold the rest of the harness constant. Some
harness components are themselves evaluation targets for others:
in NS2, mutation testing evaluates the quality of a unit-test suite,
and an agentic linter-quality review evaluates the lint con$gura-
tion. The harness components form a stack of veri$ers-of-veri$ers;
reporting only the end-to-end pass rate !attens this stack.

Suggested remedy. Treat the components of Fig. 1 as evaluation
targets in their own right, answering questions such as “How e#ec-
tive is the context in aiding the agent?”, “How well does the agent
follow agreed invariants?”, and “How e#ective is the agent in con-
verting policy to deterministic veri$ers?”. For maintenance agents,
report before/after deltas on scoped health metrics — complexity,
duplication, dead code, dependency cycles, or churn hotspots —
rather than only whether the $nal PR merged.

5 Alternative Views
“End-to-end scores re"ect real usage.”We agree. We are arguing
against using only end-to-end metrics and against treating the
resulting score as a property of the model rather than of the harness.
In software engineering, the same question was settled in favour
of having both unit and integration tests.

“Decomposed evaluations are too costly.” The dominant
cost in current practice is the opportunity cost of misattributing
improvements and selecting systems based on misleading signals.
Even partial decomposition is helpful: adding one component-level
metric alongside the end-to-end score already improves the signal.

“A reference solution is a reasonable gold standard.” It
is, when the task is speci$ed tightly enough that the reference is
the only reasonable shape. But the ambition of agentic software
engineering is broader than producing passing patches: we want to
evaluate design, abstraction choice, and architectural $t — qualities
single reference patches do not encode and hidden test cannot see.

6 Call to Action
We call on the community to act on the three remedies in §4: report
harness-awaremetadata, move from single-reference test sets to ver-
i$ers that admit multiple valid solution shapes, and develop meth-
ods for component-level evaluation alongside end-to-end scores.
Each is tractable but non-trivial. And underneath all three sits a
harder problem: how do we state what we want a coding system
to do in terms an automated grader can apply, without prescrib-
ing how? This is the operationalisation gap of Wallach et al. [44]
applied to agentic coding, and it is the decisive constraint on the
next generation of benchmarks. Until it closes, benchmarks will
keep grading agents on how closely they resemble the solution that
closed an issue — whereas the ambition is to let them do better.
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